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ABSTRACT

Complex Meteorology over Complex Terrains: Assessment of Topography, Land Use, Grid

Resolution, and PBL Scheme Modifications in the Weather Research and Forecasting

(WRF) Model.

Md. Rafsan Nahian Advisors:

University of Guelph, 2019 Dr. Amir A. Aliabadi

Dr. Shohel Mahmud

The performance of the Weather Research and Forecasting (WRF) model is evaluated

in predicting the meteorological conditions over complex terrains such as an urban area in

southwest Ontario and a mining facility in northern Canada. WRF is studied in a series

of sensitivity tests by varying topography, land use, horizontal and vertical grid resolutions,

and Planetary Boundary-Layer (PBL) parameterization to arrive at optimum configurations

for reducing modelling errors in comparison to field observations. Moreover, the seasonal

variations of different atmospheric properties as well as forecast versus reanalysis initializa-

tion and boundary datasets are also analyzed over the mining facility to understand the

meteorological conditions more comprehensively. Overall, the model has presented a better

performance in predicting heat-related properties such as temperature and relative humidity

compared to the momentum related properties such as wind speed and direction both in the

urban region and mining facility during the Summer season although some large variations

of temperature and humidity were observed during the Winter season in the mining facility.

Accounting for realistic topography, land use, and implementation of a lake model in the

mining facility significantly improved the model predictions against field observations. For
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instance, model biases were reduced by 0.02 to 0.94 m s−1 and 3.84 to 47.4 W m−2 (α =

0.1) for surface level wind speed and turbulent sensible heat flux, respectively. Increasing

model horizontal and vertical resolutions also reduced model biases by 1.52 to 3.40 m s−1 and

-8.89 to 23.3 W m−2 (α = 0.1) for surface level wind speed and sensible vertical turbulent

heat flux, respectively. Overall, the resolution having a horizontal grid size of 0.12 km or

0.09 km in the smallest domain and implementation of 90 vertical levels should be sufficient

to provide accurate predictions in comparison to experimental measurements of the mining

facility. Yonsei University (YSU) and Large-Eddy Simulation (LES) schemes provided sim-

ilar performance, although LES diverged numerically for some simulations. However, LES

predicted marginally more accurate results for sensible vertical turbulent heat flux than the

YSU in most of the WRF simulations by reducing the model bias from -11.4 to 21.1 W m−2

(α = 0.1). Global Forecasting System (GFS) Forecast datasets exhibited better accuracy

than the GFS Reanalysis in predicting the meteorological properties both at surface level and

higher elevations. Based on the findings of this study, WRF showed better agreement with

observations in the Summer season compared to the Winter season. Future investigations

should consider anthropogenic heat release at the surface and plume dispersion modelling

using WRF.
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Chapter 1

Introduction and Literature Review

1.1 Background

The change of weather is one of the major global concerns which is affected by solar radiation,

continental drift, volcano eruptions, changes in earth’s orbit, oceanic circulations, and mostly

by the human civilization [129]. Weather change cause global-scale warming, sea-ice melting,

rise in global mean sea level, and surge the repetition of extreme weather conditions such as

floods, droughts, wildfires, and cyclonic storms [65]. The Intergovernmental Panel on Climate

Change (IPCC) stated that human impacts are more than the natural influences on weather

change [43]. Moreover, the northern latitudes are becoming warmer in recent years due to

global warming. According to the World Health Organization (WHO), many human diseases

are caused due to the change of temperature in the atmosphere. Hence, weather change

has a significant impact on human living conditions that affect the ecosystem [92]. The

characteristics of global weather changes in historic, current, and future periods have been

studied substantially due to their significant impacts. The global weather forecasting models

are used for simulating global weather systems which identify the physical processes among

the oceans, the atmosphere, and the land surface. However, these models are only capable

of simulating global-scale weather change and variabilities. Parameterization is one source

of uncertainties in global model simulations of weather change. Moreover, uncertainties in

various mechanisms in models including water vapor, radiation, clouds, ocean circulation,

ice, and snow also deviate the simulation results for the same initial boundary conditions

[129]. Since the mesoscale processes are not expressly represented in global weather models,

one solution is to choose the regional modelling approach with higher resolution. A regional

weather model is to some extent similar to a global weather model having higher resolutions
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than a global weather model. Therefore, regional weather models are used to resolve more

details than global weather models [89]. Besides, the upscale influence of regional forcing

on large scale weather change can also be described with more accuracy by using regional

mesoscale models over the global weather models [74].

An alternative to weather models, a high-resolution weather model can describe regional

topography, land use, and vegetation aspects more accurately and at much greater spa-

tiotemporal resolutions than the global weather models [108]. Regional mesoscale weather

forecasting models have been used to study short term weather change and air pollution

processes in remote environments at high resolutions [100]. The regional weather models

have already been employed to simulate the short term climate transition in distinct zones

including North America, Asia, Europe, and Africa [3, 98]. Two widely used weather models

are the Weather Research and Forecasting (WRF) and European Centre for Medium-Range

Weather Forecasting (ECMWF) models. The analysis from ECMWF is used to observe the

atmospheric properties and as boundary conditions for the Weather Research and Forecast-

ing (WRF) model [77]. It is also observed that in terms of predicting temperature near

surface level WRF and ECMWF forecasts are better than other regional mesoscale models

[76]. Moreover, the temperature at 2 m is well represented by both WRF and ECMWF

simulations with hourly experimental datasets. The advantage of WRF over ECMWF for

atmospheric transport modelling is adequate to motivate further assessment to compare the

outputs of model CO2 mixing ratios with experimental measurements in an urban area [69].

It has been demonstrated that WRF exhibits lower bias than ECMWF in meteorological

measurements, compared to aircraft observations in northern latitudes [8]. It is also ob-

served that forecasts executed by the WRF and ECMWF model are almost similar to in-situ

observations although WRF predicts the rainfall more accurately compared to the other

regional models [64]. WRF can capture the effect of gravity wave dynamics and momentum

and energy propagation, while the vertical structures of simulated potential energy profiles

also show good agreement with LIDAR measurements [33].

Such models should be further investigated over complex terrains with possibly thermally

stable boundary layers, particularly at night time, due to the inherent difficulty to simulate

the stable boundary layer characterized by weak and intermittent turbulent mixing [6, 7].

Also, the success of the WRF model with applications in complex topography and land use

in the open-pit mining facility is yet to be investigated in more detail. WRF is a Numerical

Weather Prediction (NWP) model which has been developed to combine new and existing

atmospheric models within a common software structure. The software architecture of WRF
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is developed with a high degree of pliability, which plays a crucial role to access accurate

predictions with high-reliability [1]. In WRF, the dynamical cores and physics packages

of distinct atmospheric models are associated for performance optimization as well as for

intermodal correlations by conducting sensitivity studies [106]. WRF is applicable for an

extensive span of operations including large-eddy to global simulations, real-time NWP,

regional weather simulations, air quality modelling, atmosphere-ocean coupled simulations,

and idealized simulations [81, 97, 106].

1.2 Literature Review

Land surface, surface layer, and Planetary Boundary-Layer (PBL) parameterizations are

some important parameters in the atmospheric models to account for the transfer of heat,

moisture, and momentum between the surface and the atmosphere [46]. WRF exhibits an

excessive bias of surface-level wind velocity in the earlier versions [29]. The bias still exists

in the latest versions, which imposes a limitation for accurate predictions of atmospheric

properties [101]. Since the present mesoscale models exhibit extensive configurations and

physical parameters, selecting the optimum configuration imposes numerous challenges [84].

The following subsections review some important configurations of the mesoscale models such

as the topography and land use classification, grid resolution, and the PBL parameterization.

1.2.1 Topography and Land Use Classification

The inaccuracy of the real terrain representation is one of the main limitations of WRF as

for accurate predictions, topographic and land use data are important inputs for weather

forecasting models, and high-resolution terrain data plays a significant role to represent the

complex characteristics of topography [58, 71]. Moreover, the topography also plays an

important role in predicting the sea breeze and urban heat island circulations [75]. The

complex terrains influence the meteorology by altering various atmospheric parameters such

as wind speed and direction, albedo, and surface heat flux [25]. The coarser topographic

resolutions and redundant land surface datasets cannot capture the fine-scale and realistic

heterogeneities, which are very crucial to WRF simulation. In addition, the improper depic-

tion of land surface parameters from the meteorological datasets induces uncertainty in the

WRF simulations [125]. In recent years, with the availability and ease of access to satellite

data, many studies have emphasized the importance of high-resolution land surface boundary
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datasets in producing more precise weather forecasts with finer spatial resolutions [63]. The

elevation has a significant impact on WRF model not only for representing the nature of real

topography but also the landform representation derived from the Digital Elevation Model

(DEM) that modifies the grid discretization [117]. The predictability of surface temperature

also improves in the WRF model when updated fractional vegetation cover datasets from

the Advanced Very High-Resolution Radiometer (AVHRR) are implemented [66]. When

surface elevation, land use index, vegetation fraction, and soil type datasets are modified

for WRF simulations, the root means square errors of temperature and precipitation are

greatly reduced [51]. The multi-scale terrain data is more sensitive in WRF than the model

resolutions for accurate forecasting [135]. The regional circulations are also affected by to-

pographic properties, and thus play important roles in a mesoscale model by altering the

precipitation, wind velocity, and heat-related properties [54, 127]. The high-resolution WRF

simulations show more accuracy in predicting the spatial distribution of precipitation during

thermally stable and unstable conditions [61]. When the topographic resolution is reduced

by half of the real topography in a WRF model, the rainfall distribution significantly changes

by underestimating the rainfall amount with varying magnitudes [85]. The wind direction

of WRF is compared with in-situ observations and it is observed that the bias is more over

the complex terrain compared to the flat regions. Moreover, when the speed is higher, the

bias of wind direction is lower than low-velocity wind flow [59]. However, some limitations in

WRF model can arise for higher topographical resolutions as smoothing is also necessary to

minimize the error of the horizontal pressure gradient for substantial variations in elevation

between the contiguous grid cells [13].

The terrain characteristics are generally implemented by land surface parameterization

in the WRF model, primarily based on topographical properties associated with different

land-use categories [103]. Hence, the WRF model includes land-use classifications derived

from remote sensing instruments to assign the actual land surface properties [104]. A land-

use map is developed for the Fifth-Generation National Center for Atmospheric Research

(NCAR) Mesoscale Model (MM5) based on the Coordination of Information on the Environ-

ment (CORINE) Land Cover (CLC) 2000 [93]. The default 24-category Global Land Cover

Characterization (GLCC) is implemented in the WRF model with a spatial resolution of

30 meters although significant bias of temperature is observed after evaluation [105]. The

impact of three different land-cover modifications is estimated by executing numerous WRF

simulations using the U.S. Geological Survey (USGS) and University of Maryland (UMD)

datasets which are based on the Advanced Very High-Resolution Radiometer (AVHRR),
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and from the MODerate Resolution Imaging Spectroradiometer (MODIS). It is observed

that UMD and MODIS predict greater wind speed than GLCC near surface level in the

southern part of Texas although the phenomena are opposite for southern Wyoming [113].

The influence of Shuttle Radar Topography Mission (SRTM) topography of 100-m spatial

resolution CLC datasets on WRF simulations are also evaluated to predict wind speed and

temperature near surface level. It was concluded that there was 0.1 to 0.4 m s−1 bias of

wind velocity in WRF compared to the experimental datasets in the Lombardy region of

Italy [38]. Alteration of the local and regional climate is also observed due to the land use

classification by affecting the energy and water balances between the surface and atmosphere

[114]. A WRF sensitivity test has been conducted in the northern part of Italy wherein high

resolution topographic and land use data were implemented [38]. The simulation results

showed that the wind speed and the temperature changed due to surface friction and high

roughness length in that region. The WRF simulation was conducted in Hong Kong by using

different resolutions of topographic data and the results showed that the temperature and

relative humidity were close to the experimental values when high-resolution topographic

data were used, demonstrating that high-resolution topographic data should be applied to

execute numerical models in any region [131]. The WRF simulations with high topographical

resolution and land use modification also improve the predictability of precipitation, poten-

tial temperature, and heat flux although it underestimates the wind speed and greenhouse

gas concentration [37]. Moreover, the CLC dataset in WRF simulations has improved the

prediction of wind speed in the urban region [103]. Different Land Surface Models (LSMs)

usually vary the WRF simulations for resolving low-level jets and also influence the surface

level energy budget [36]. Furthermore, the periodic updating for better representation of

land use index also improves the performance of atmospheric air quality models [32].

1.2.2 Grid Resolution

The importance of conducting sensitivity tests of a numerical model has been emphasized

by changing its physical parameters along with different initialization fields [52]. It is also

identified that WRF is suitable for short term forecasting, reanalysis, assimilating in-situ

LIDAR observations, and selecting the appropriate PBL scheme [23]. The reduction of

bias in the simulation can be accomplished by testing and selecting an optimum physical

configuration for the region of interest. Although the high grid resolutions may present

a better representation of fine-scale meteorological processes, this may not be compelling
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due to the contingency in the overall performance of the various physical parameters [24].

The high horizontal and vertical grid spacing in WRF is increasingly feasible due to the

improvement of computational resources although the wind flow with refined spacing is

unrealistic in the convective boundary layer [134]. Although the numerical solution of the

largest eddies is sensitive to grid resolution during convective hours, such phenomenon is

mostly not represented in thermally stable condition for the smaller size of eddies [68].

However, higher grid resolutions provide opportunities to obtain more information from

WRF simulations, but they require further numerical testing [107]. Moreover, improvement

in the vertical grid resolution is also important for simulating low-level jets as sharp gradients

are difficult to determine with coarse vertical grid resolutions [78]. The sensitivity studies by

some researchers showed that increasing the grid resolutions improved the model simulations

in complex orographic zones [73, 96]. Due to high spatial grid resolutions in the WRF model,

using modified land use classification can reduce errors in predicting surface properties.

Furthermore, it also affects the mesoscale circulations over complex terrains [128]. A study

over two wind farms in California and Texas shows that the higher grid resolutions in the

WRF model reduce the error of low-level wind prediction due to improved representation

of terrain characteristics. Moreover, the physical parameters also influenced the numerical

results in California although it did not in the Texas region [30].

1.2.3 Planetary Boundary-Layer Parameterization

Several physical parameterizations are described such as microphysics, radiation, and clouds

as well as the surface layer (SL), the PBL, and the LSM. Such schemes have nonlinear inter-

actions with each other and hence, optimization of the model is difficult due to these complex

relationships [106]. Although the WRF model can identify some important characteristics

of low-level jet events over the west Texas and southern Kanas region, it is suggested to run

some sensitivity tests by varying the PBL parameterizations as in stable hours when the

WRF model has the poor capability to determine the actual properties of the atmospheric

boundary layer [109]. In WRF, local and nonlocal closure schemes are the two options to

parameterize the PBL processes [110]. The sub-grid scale eddies and large asymmetrical

thermals play an important role to accomplish the mixing during convective hours. Tur-

bulence kinetic energy theory in the local closure schemes is limited to simulate turbulent

mixing within the adjacent layers uniformly. Hence numerous nonlocal closure models have

been established to overcome the limitations of turbulence kinetic energy theory in the local

6



closure schemes [123]. The nonlocal upward transport can be introduced either as a param-

eterized adjustment term to represent large-scale motions for medium-range forecasting or

by particularly evaluating the movement of conserved atmospheric scalars [95]. The vertical

diffusion in the medium-range forecast PBL scheme is revised and then renamed as Yonsei

University (YSU) PBL scheme to evaluate the entrainment mechanism [53]. WRF simula-

tions are executed in the United States to evaluate the performances of five different PBL

parameterizations and it is found that nonlocal PBL schemes give less error to predict the

diurnal variation of wind near surface level due to direct exchanges of mass and momentum

between the surface and unstable PBL [132]. Moreover, the nonlocal PBL schemes based

on bulk Richardson number produce more well-mixed convective boundary layers than the

local PBL schemes [20]. WRF simulations are executed during summer in the south-central

United States with Mellor-Yamada-Janjić (MYJ), Yonsei University (YSU), and Asymmet-

ric Convective Model, version 2 (ACM2) schemes. It was concluded that the entrainment

process is weaker in MYJ PBL scheme at the top of PBL predicting lower temperature

and higher relative humidity than the other two PBL schemes near surface level [55]. The

dispersion process of pollutants is highly affected due to vertical turbulent mixing among

the plume models. It is suggested to understand the performance of PBL parameterizations

to evaluate mixing characteristics of turbulence properties near surface level and higher

elevations, which is an important factor in simulating mesoscale transport and pollution

dispersion [50]. The uncertainties from the model physical parameterization schemes such

as cumulus convection, land use, and planetary boundary layer (PBL) are sources of error in

WRF [121]. Such model errors are due to the different numerical solvers, domain and grid

size, regional topography, boundary conditions, terrain, vegetation characteristics, and grid

resolution both in horizontal and vertical directions [15].

1.3 Research Gaps

The influence of topographic effects on the surface radiation and energy budgets in complex

terrain is studied both for the valley and sloped flows [62]. Although the representation of

surface heat fluxes over complex terrain is improved by better representation of topography,

the terrain-following vertical coordinate used in the WRF model becomes misrepresented

over moderate slopes that result in numerical errors [130]. This limitation restricts the

implementation of high-resolution topography during WRF simulations in a complex terrain

where topographic effects on radiation are most important [14]. Moreover, two kinds of
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problems occur during modifying the land properties for accurate prediction of wind in

WRF. The limitation is due to grid resolution which is usually higher in the WRF model

for wind estimation. Since the spatial variability of land use modification can be less than

the assigned grid resolution in WRF, the use of 1-km land use classifications can result in

significant errors during predicting the atmospheric properties near surface level by rendering

to a poor representation of terrain characteristics, which affects the regional circulations [128].

Another problem is due to the time period of land use modification as it changes continuously

with time. Hence, the swiftly outdated land use libraries can cause misrepresentation of land

use classification for WRF simulations [105].

Although the effects of grid resolution variations on simulating atmospheric wind flow

over complex terrains are studied [47, 88, 115], there are few studies where the mesoscale ap-

proach with higher horizontal and vertical grid resolutions are applied. This is because when

WRF simulations are run with high grid resolution, it is assumed that the energy-containing

eddies are much smaller than the grid elements which depends on the atmospheric stabil-

ity [122]. The Large-Eddy Simulation (LES) approach is required for any size of turbulent

eddies which is larger than the grid spacing. As most of the extensively available land use

datasets do not have a high resolution, few WRF simulations have been executed to simulate

the atmospheric properties for higher grid resolutions [60].

1.4 Objectives

The understanding of the spatial and temporal variability of various meteorological proper-

ties such as wind speed, wind direction, temperature, humidity, and heat flux is still lacking

for open-pit mining environments. Moreover, there is a lack of observation both in surface

level and higher elevations due to the adverse and remote environments where collecting

experimental observations are highly challenging. Therefore, more work is required to better

understand the regional microscale meteorological phenomena over complex open-pit min-

ing terrains. The inadequacy of experimental data, coarse grid resolution, and simplified

PBL parameterization make it difficult for models to represent the complex microscale and

mesoscale processes simultaneously in a region. Furthermore, the high spatial variability of

a complex terrain can result in significant variations of surface-level atmospheric properties.

Hence, WRF simulations should be executed with proper terrain characteristics and land

use classification to understand the real meteorological phenomena on regions of interest.

Although a number of studies have been conducted to improve the prediction perfor-
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mance of the WRF model by using high-resolution data on topographic datasets, there has

been a lack of research involving WRF in the open-pit mining facility. Specifically, the ef-

fects of high topographic resolution, modified land use, grid resolutions in the horizontal

and vertical directions, and PBL parameterization, on the accuracy of the model results

require more research. Moreover, most of the experimental observations are conducted in

surface level by using various meteorological instruments on a meteorological tower. It is

still a challenge for researchers to initialize high topographic resolution datasets with actual

land use classification for WRF simulations as well as to observe the atmospheric properties

in higher altitudes due to the complexity and unavailability of expensive weather sensing

instruments. Hence, the main objectives of this study are to model (using WRF) and exper-

imentally observe the meteorological properties over a complex open-pit mining facility in

northern Canada both in surface level and higher elevations, and to perform a comparative

analysis between the model and the observations. Further, the model is investigated in a

series of sensitivity studies to assess the effects of terrain topographic resolution, land use

change, grid resolution, and PBL parameterization, on the accuracy of its predictions. Be-

fore applying the WRF model to the open-pit mine, it is tested to predict the meteorological

conditions over an urban area. This test provides a proof of concept before extending the

model’s application for open-pit mine simulations.

1.5 Mining Project, Area Fugitive Emission Measure-

ments and Collaboration Details

This thesis provides the modelling support for a multi-institution research project that aims

to quantify area fugitive emissions from an open-pit mining facility in northern Canada.

The detailed information about the project, such as the name of mine, location, and client

specification, cannot be disclosed due to a non-disclosure agreement with the industrial

partner. However, the generic information is provided to help propel research in the topic

of area fugitive emissions. The research project employs numerous graduate students and

research staff members at the University of Guelph. In addition, various other industrial

partners are also listed with specific roles of each entity detailed below.

The Tethered And Navigated Air Blimp (TANAB) is an experimental platform used

in this project to probe atmospheric profiles of wind speed, wind direction, pressure, and

relative humidity. TANAB was deployed in the open-pit mining facility in May 2018 by Amir
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Nazem, Md. Rafsan Nahian, Ryan Byerlay, Manoj K. Nambiar, and Amir A. Aliabadi. The

measurements were conducted to cover the full diurnal cycle as well as different locations

in the mining facility including the mine and near a tailings pond. The collected data

were post-processed by Amir Nazem with the assistance of Manoj K. Nambiar and Amir A.

Aliabadi.

A SOnic Detection And Ranging (SODAR) instrument measured profiles of atmospheric

wind speed and direction within the planetary boundary layer. This instrument was con-

tributed to the project by RWDI and was deployed in the open-pit mining facility in May

2018 by Amir Nazem, Md. Rafsan Nahian, Ryan Byerlay, Manoj K. Nambiar, and Amir A.

Aliabadi. The collected data were post-processed by the author.

Numerous partners in the project collected surface level meteorological data including

temperature and relative humidity at 2 m, wind speed and direction at 10 m, and sensible

vertical turbulent heat flux at 10 m. The partners were RWDI, Southern Alberta Institute

of Technology (SAIT), and the University of Alberta (UofA). They post-processed the data

and provided them to the author of this work for model comparison.

In the modelling approach, Amir Nazem updated the Weather Research and Forecasting

(WRF) software with the latest topography, land use classification, and lakes at the mining

facility. The author, exclusively conducted a series of sensitivity simulations in WRF to

quantitatively research the model’s performance with respect to: 1) grid resolutions, 2) land

use modifications, 3) Planetary Boundary Layer (PBL) parameterizations, 4) forecast and

reanalysis initialization datasets, and 5) seasonal variations. The author also rigorously

compared WRF output results with experimental measurements of meteorological variables

in the field.

The author with the assistance of Amir A. Aliabadi developed numerous Python codes

to post-process and analyze the WRF model’s output results and compared them to field

observations statistically. A Ph.D. student, Seyedahmad Kia, is employing a Computational

Fluid Dynamics (CFD) program to model the emissions flux over the mining facility. He

obtains the initial and boundary conditions from WRF predictions in this work and runs the

model accordingly, using the Open Fields Operation And Manipulation (FOAM) software,

at higher spatiotemporal resolutions at different atmospheric stability and wind conditions.

Meanwhile, Manoj K. Nambiar is running WRF simulation with plume dispersion to quan-

tifying the area fugitive emission flux.
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1.6 Thesis Structure

The structure of this thesis is as follows.

Chapter 1: It provides a brief discussion of the background of mesoscale models, liter-

ature reviews, and research gaps regarding modification of topography, land use, grid reso-

lution, and PBL parameterization in the Weather Research and Forecasting (WRF) Model.

It offers the context for meteorological modelling activity over a complex open-pit mining

facility and outlines the roles and responsibilities of various other entities involved in a large

scale project.

Chapter 2: It provides the methodology, working principle, and governing equations of

the Weather Research and Forecasting (WRF) model briefly.

Chapter 3: It provides the outcomes of changing the topography resolution in WRF

simulations over an urban area. Section 3.1 gives details of the field meteorological cam-

paign and the experimental observations, which were conducted in the Guelph Turfgrass

area. Section 3.2 represents the details for the WRF model including domain configurations,

initialization, topography, land use, grid resolution, PBL parameterization, and validation.

Section 3.3 shows the results of different atmospheric properties as a function of topography

in the urban area. This chapter was published in the proceedings of the Joint Canadian Soci-

ety for Mechanical Engineering (CSME) and CFD Society of Canada (CFDSC) International

Congress (2019).

Chapter 4: It provides the outcomes of implementing the modified topography, land

use, grid resolution, and PBL parameterization in WRF simulation over a complex open-

pit mining facility. Section 4.1 gives details of the field meteorological campaign and the

experimental observations. Section 4.2 represents the details for the WRF model including

domain configurations, initialization, topography, land use, grid resolution, PBL turbulence

parameterization, and evaluation. Section 4.3 shows the results of different atmospheric

properties over the mining facility as a function of topography, grid resolution, and turbulence

parameterization. Moreover, the seasonal variations of various meteorological properties, as

well as initialization datasets are also discussed in this section. Some parts of this chapter

(Section 4.1 to 4.3.2) are submitted to the Journal of Applied Meteorology and Climatology

(JAMC) as a manuscript.

Chapter 5: It provides the conclusions, recommendations, and further works based on

the findings of the WRF simulations and comparison to observations in this work.

Appendices: They describe the operating procedures of the PA-5 SODAR, show the
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spatial and temporal distributions of different atmospheric properties over the mining facility,

and provide the source codes to extract and perform statistical analysis of the WRF outputs.
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Chapter 2

Weather Research and Forecasting

(WRF) Model

The variants of the WRF model are known as Advanced Research WRF (ARW) and Non-

hydrostatic Mesoscale Model (NMM). The ARW solver, also known as Eulerian Mass (EM)

solver was developed by National Center for Atmospheric Research (NCAR) using a height

and pressure based terrain-following coordinate system, while the NMM solver was expanded

by National Centers for Environmental Prediction (NCEP) based on the Eta model, and later

as non-hydrostatic mesoscale model [56, 57]. Finally, these versions with diverse physics pack-

ages developed at NCAR, NCEP, and elsewhere, have been included into the WRF software

architecture framework [29].

2.1 WRF System Components

Figure 2.1 shows the main components of the WRF system. The WRF simulation is executed

by using the ARW solver with other components of the WRF system including physical

schemes, dynamics, initialization, and data ingestion packages. The ARW and NMM solver

share most of the physical packages, while the specific compatibility varies according to the

schemes [120]. The topographical information is set up through the WRF Preprocessing

System (WPS) to initialize the simulation. The ingestion, reformation, and interpolation of

forecast or real-time atmospheric datasets are also performed to generate lateral boundary

conditions in the nested domains. Finally, the dynamic solvers and physical interface and

packages execute the WRF simulation. The idealized simulations can also be performed in

a simplified setting by varying various parameters and initial conditions. There are twelve
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Figure 2.1: WRF system components [106].

idealized scenarios in WRF, some of which include baroclinic waves, supercell convection,

Large-Eddy Simulation (LES), and tropical cyclones [97].

2.1.1 WRF Preprocessing System

WRF Preprocessing System (WPS) is mainly used for real-data simulations including some

functions such as domain creation and terrestrial and meteorological datasets interpolation

from another model to the simulation domain. The feature includes meteorological data

from various datasets around the world, land use datasets based on USGS and MODIS

category, map projections based on Polar Stereographic, Lambert-Conformal, Mercator, and

Latitude-Longitude projections, way of nesting, and user interface to force other static data

as boundary conditions in WRF [91].

2.1.2 WRF-Var System

WRF-Var system is combined with the WRF software structure by representing the hori-

zontal component of background inaccuracy through looping filters and power spectra. The

non-separable background error and control variables are flexible to choose, which are evalu-

ated through the National Meteorological Center (NMC) methods of average forecast differ-

ences [106]. The WRF Data Assimilation System (WRFDA) features 3DVAR and 4DVAR
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approaches as well as the hybrid variational approach. An extensive variety of direct and

indirect observation types can be assimilated from the surface and higher elevation datasets

to satellite-based measurements [120].

2.1.3 Physics and Dynamics Options

WRF integrates various physics options that can be coupled during the simulation. The

options usually vary, from simple and efficient to sophisticated and from low to high compu-

tational expense, and from advanced schemes to current operational schemes. The physics

options include microphysics, radiation, cloud fraction, land use, lake, Planetary Boundary

Layer (PBL), cumulus parameterization, convection, and other physical parameters. More-

over, there are several dynamics options in WRF such as diffusion, kinetic energy, damping,

and advection [91].

2.1.4 ARW Solver

The ARW solver applies non-hydrostatic, fully compressible Euler equations using 2nd or

3rd order Runge-Kutta schemes with smaller times steps. The velocity components u and v

are based on the Cartesian coordinate system while w is the vertical velocity. The prognostic

variables include 3D wind velocity, potential temperature, geopotential, and pressure of the

dry air. ARW has the capability of digital filtering initialization where real data can be

implemented as three dimensional or idealized data in one, two, or three dimensions. The

lateral boundary conditions are periodic, open, and symmetric with free slip conditions at the

bottom of the boundary. The simulations can be run by using the nudging option including

one or two-way interactive nesting methods [106].

2.1.5 WRF-Chem

WRF-Chem is coupled with Chemistry which simulates the biogenic and anthropogenic

emissions, mixing, and chemical transformation of trace gases and aerosols simultaneously

in the atmosphere. It is employed for investigating air quality, field program analysis, and

cloud-scale interactions as well as for dispersion forecasts. The chemistry and dynamics are

combined in WRF-Chem at every timestep that is required for exploring aerosol interactions

for air quality research [16].
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2.2 Governing Equations

The compressible and non-hydrostatic Euler equations are solved and integrated with the

Advanced Research WRF (ARW) solver. It follows the ideology where the equations are

formed in flux scheme using conservation of mass, momentum, energy, and species [87].

2.2.1 Vertical Coordinates

Figure 2.2: Vertical coordinate system of Advanced Research WRF (ARW) [106].

A terrain-following mass vertical coordinate system is applied to develop the ARW equa-

tions denoted by η and defined as

η =
ph − pht

µ
, (2.1)

µ = phs − pht. (2.2)

Here, ph denotes the hydrostatic component of the normalized pressure (unitless) while

phs and pht refer to the normalized pressure (unitless) at surface level and top of the model

domain, respectively [67, 106]. The vertical coordinate also known as mass vertical coordinate

η varies from a value of 1 at the surface to 0 at the upper boundary of the model domain.
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As normalized mass per unit area (unitless) within the column in the model domain at x

and y coordinates are denoted by µ(x, y), the applicable flux form variables are

V = µv = (U, V,W ), (2.3)

Ω = µη̇, (2.4)

Θ = µθ, (2.5)

where v = (u, v, w) are the covariant velocities in the two horizontal and vertical directions,

respectively, θ is the potential temperature, and η̇ is the contra-variant vertical velocity.

2.2.2 Euler Equations in ARW Solver

Using the variables defined above, the flux-form Euler equations can be written as follows

[67, 106].

Equation of State

p =

(
Rdθ

p0α

)γ
(2.6)

Where, p is a normalized pressure using a reference pressure p0, Rd is the dry air gas

constant, γ = 1.4 is the heat capacity ratio for dry air, and α = 1
ρ

is the inverse density.

Conservation of Mass

∂µ

∂t
+
∂U

∂x
+
∂V

∂y
+
∂W

∂z
= 0 (2.7)

Here, U , V , and W are the mean velocity components in the x, y, and z directions

respectively.

Conservation of Momentum

∂U

∂t
+
∂U

∂x
u+

∂V

∂y
u+

∂W

∂z
u− ∂(pφη)

∂x
+
∂(pφx)

∂η
= FU (2.8)

∂V

∂t
+
∂U

∂x
v +

∂V

∂y
v +

∂W

∂z
v − ∂(pφη)

∂y
+
∂(pφy)

∂η
= FV (2.9)

∂W

∂t
+
∂U

∂x
w +

∂V

∂y
w +

∂W

∂z
w − g

(
∂p

∂η
− µ

)
= FW (2.10)
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Conservation of Energy

∂Θ

∂t
+
∂U

∂x
θ +

∂V

∂y
θ +

∂W

∂z
θ = FΘ (2.11)

Here, FU , FV , FW , and FΘ represent the forcing terms arising from model physics, tur-

bulent mixing, spherical projections, and the earth’s rotation and the non-conserved variable

φ = gz is the geopotential.

2.2.3 Projections in ARW Solver

Lambert conformal, polar stereographic, Mercator, and latitude-longitude are the four types

of projections that are supported in the ARW solver [49]. Lambert conformal, polar stere-

ographic, and Mercator projections are based on isotropic transformation, while latitude-

longitude projection is based on anisotropic projection. The projections are implemented

using map factors for both in x and y directions to accommodate the anisotropy [106]. Figure

2.3 shows the horizontal and vertical grid spacing in the ARW solver.

(a) Horizontal grid spacing (b) Vertical grid spacing

Figure 2.3: Horizontal and vertical grid spacing in ARW solver [106].

The grid spacings in x and y directions are constants during computation by the ARW

solver. The transformations of the governing equations are performed by defining map scale

factors mx and my as
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(mx,my) =
(∆x,∆y)

D
. (2.12)

Here ∆x and ∆y represent the grid spacing in x and y directions, respectively, while D

represents the distance on the earth.
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Chapter 3

WRF Simulations of Urban Climate

3.1 Experimental Observation

The experimental measurements were conducted in the Guelph Turfgrass Institute from July

14, 2018 to September 4, 2018. Three days, August 03, 04, and 13 in 2018, were chosen based

on the availability of experimental datasets to compare with the model results. The following

instruments were used to determine horizontal and vertical wind velocity, wind direction,

temperature, and relative humidity in that region at surface level and higher elevations.

3.1.1 SOnic Detections And Ranging (SODAR)

A Mini SODAR 4000 series by Atmospheric Systems Corporation was used to measure hor-

izontal and vertical wind velocity and wind direction from 30 m to 200 m with an output

frequency of 30 minutes.1 The SODAR measures the wind properties with a vertical resolu-

tion as low as 10 m. Moreover, this SODAR can measure wind speed from 0 to 45 m s−1. It

can measure wind velocity and wind direction with an accuracy of ±0.5 m s−1 and ±2◦. The

SODAR consists of two components which include a signal processing unit to determine a

variety of atmospheric echo intensities and a speaker detector to monitor the pulse frequen-

cies. The signal processing unit is known as the Acoustic Signal Processor (ASP) having a

number of variations including a bank of analog filters with a microprocessor [40]. As the

computers are becoming more powerful, additional functions have been assigned to the ASP

along with networking, diagnostic responsibilities, satellite communication, and controller

features. Moreover, different speaker emitters and detectors are engaged to accomplish a

1http://www.minisodar.com/sodar/
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monitoring task that is most often associated with the maximum effective sampling altitude.

This SODAR is perfectly suited for applications such as wind energy, wind profiling in the

airport, and air pollution monitoring [27].

The SODAR works by transmitting sound waves upward into the surroundings and

exposing the Doppler shift in the backscatter signal. The movement of the atmosphere is

formed by the wind flow and turbulence that is generated due to mechanical and thermal

forces. Thermal turbulence is due to the temperature differences while mechanical turbulence

is caused by airflow over obstacles on the surface [45]. There are three beams in a SODAR

to measure the 3D wind velocity. When the acoustic signal is transmitted from these beams,

its energy is scattered in all directions by the turbulent refractive index that changes at all

heights. Despite the fact of unique scattering patterns resulting from turbulence, some of the

acoustic signals are returned towards the electric transducers [10]. This process provides a

continuous-time report of echo strength associated with the turbulence intensity. The height

profile of different measurements can be determined using

z =
ct

2
. (3.1)

Here, c is the velocity of sound, t is the transmitting time, and z is the height of a

measure of turbulence intensity [11]. As a mono-static SODAR, the SODAR system uses

the same antenna for transmitting and receiving, and the scattering angle between the eddies

and the SODAR antenna is 180◦ [19].

After transmitting the pulse, due to the atmospheric absorption, the echo signals become

too weak so that it can not be detected properly by the electric transducers. The components

of wind are estimated at this time when the acoustic pulse is transmitted in a different

direction. The volume occupied by the transmitted acoustic signal increases as it develops

vertically due to the shape of the conical beam. The echo from the height is obtained after

calculating traveling distance and analyzing the received signal [116]. The effective volume

over which the wind averaging takes place can be determined by using

∀ =
cτ

2
π
z∆ϕ

2

2

. (3.2)

Here, τ is the acoustic pulse duration and ∆ϕ is the beam width. The wind speed and

wind direction estimate a vertical spatial resolution having a vertical extent determined by cτ
2

and a horizontal spatial resolution around z∆ϕ
2

[11]. The scattered acoustic power interpreted

by the SODAR is given by
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Figure 3.1: Working principle of three beam SODAR [10].

σs =
1

8

k4

κ
11
3

cos2 ϕ

[
0.033

CT
2

T 2
+ 0.76 cos2

(
ϕ

2

)
CV

2

πc2

]
, (3.3)

where T is the ambient temperature, k is the wave number, and CT
2 and CV

2 are the

temperature and velocity structure functions respectively [12]. The transducers create an

almost spherical wave through the antennas to measure the wind vector. Due to sound

interference between the distinct speakers, the sample has a tendency to have narrower

beams of higher power [34]. This acoustic profiler transmits and receives sound waves within

a specific frequency band. Since the return signal strength is inversely proportional with the

height, the weaker signals from greater heights are simply lost due to turbulence and other

background noise. Hence, it is crucial to identify the potential noise sources as well as to

measure the noise level in order to reduce the bias of the SODAR system [42].

The content in the reflected signal includes background acoustic noise, Doppler-shifted

echo signals at frequencies close to the emitted frequency fT , and echoes from close-by solid

objects in the surrounding at the frequency fT . The received signal is derived by a Doppler

Fast Fourier Transform (FFT) spectrum at discrete frequencies
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fi = i
fs
Nf

, (3.4)

i = −Nf

2
+ 1,−Nf

2
+ 2, · · · , Nf

2
− 1,

Nf

2
, (3.5)

where Nf is the number of points in the spectrum and fs is the sampling frequency [11].

Finally, the SODAR is calibrated to ensure appropriate calculation of wind and turbulence

properties [94]. The sensible wind profiles are simulated by transforming the accurate SO-

DAR frequency and amplitude through an atmospheric scattering model. The transmitted

pulses are analyzed by an algorithm which calculates the pseudo-atmospheric reaction in real

time [17].

3.1.2 Weather Station

Guelph Turfgrass weather station hourly datasets were used to observe the temperature and

relative humidity at 2 m. The Guelph Turfgrass Institute station that is identified with

the World Meteorological Organization (WMO) identification number 71833. This data is

accessible with an hourly temporal resolution. Temperature data is measured at 2 m while

wind data is measured at 10 m above the ground [5].

3.2 WRF Model

A particular distribution of WRF is used in this study, titled Unified Environmental Mod-

elling System (UEMS) version 18.1.1.2 The installation, configuration, and execution of

UEMS has been immensely facilitated to encourage its use within operational, private, and

university forecasting and research communities. The UEMS allows for the acquisition of

multiple initialization datasets via the Non-hydrostatic Forecast System (NFS) and Hyper

Text Transfer Protocol (HTTP). The system is semi-intelligent in that it can determine

which datasets are available for ingestion at a given time [106].

3.2.1 Domain Configurations

The sensitivity tests of WRF have been conducted with different grid configurations including

the way of nesting, grid resolution, time-invariant data resolution and geographical shifts

2http://strc.comet.ucar.edu/software/uems/

23



in the domain centre. The minimum grid resolutions of the nested domains are at least

four grid cells from the boundary of parent domain [120]. For computational stability, the

magnitude of timesteps (in seconds) is suggested a maximum 6 times the magnitude of the

coarsest grid distance [106]. Figure 3.2 and Table 3.1 illustrate the size and configuration

of the domains, respectively, where domain 1 is the largest domain and domain 5 is the

smallest one. The domains consist of five nested levels. The numerical grid resolutions in

the horizontal directions also increase from domain 1 to domain 5.

Figure 3.2: WRF simulation domains with latitude and longitude centred at Guelph, Ontario,
Canada.

3.2.2 Initialization

The WRF simulations are run for three different days on August 3, 4 and 13 in 2018, for

36 hours each including a spin-up time of 12 hours. The Global Forecasting System (GFS)

dataset has been used in the simulation that provides initial and time-varying boundary

conditions to WRF at 3 hours time resolution and 0.5◦ spatial resolution [39, 106, 126].3

3https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/global-forcast-system-gfs
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Table 3.1: Domain configurations and associated parameters.

Parameter Domain 1 Domain 2 Domain 3 Domain 4 Domain 5
Domain size (km × km) 2000 632.7 197.6 61.4 18.5
Horizontal grid resolution (km) 10 3.33 1.11 0.37 0.12
Number of grid elements 200 190 178 166 154
Top of the domain (km) 25 25 25 25 25
Vertical levels 45 45 45 45 45
Output frequency (min) 60 60 60 60 60
GTOPO 30s topography resolution (m) 900 900 900 900 900
SRTM 1s topography resolution (m) - - - 30 30

In WRF, the time-varying meteorological initialization fields provide data at different topo-

graphic resolutions.

(a) GTOPO 30s (b) SRTM 1s

Figure 3.3: Surface height from sea level: GTOPO 30s has low resolution; SRTM 1s has high
resolutions.

The Global 30 Arc-Second (GTOPO 30s) and the Shuttle Radar Topography Mission 1

Arc-Second (SRTM 1s) datasets are used to modify the resolution of topography in domains 4

and 5. GTOPO 30s is a global dataset which covers the full extent of latitude from 90 degrees

south to 90 degrees north, as well as from 180 degrees west to 180 degrees east. As a low

topographic resolution initialization, the GTOPO 30s has a topographic resolution around

900 m × 900 m. On the other hand, the Shuttle Radar Topography Mission (SRTM) is

obtained through digital elevation models on a near-global scale to generate a high-resolution
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(a) GTOPO 30s (b) SRTM 1s

Figure 3.4: Land use classification of GTOPO 30s and SRTM 1s.

digital topographic database of the earth. The SRTM 1s dataset has a topographic resolution

of about 30 m × 30 m, which is 30 times higher than the GTOPO 30s dataset [38, 72].

Moreover, time-invariant data such as land water masks, vegetation, land use, and albedo

have been obtained from the NCAR and MODIS databases. The surface height of domain 5

from sea level and land use classifications for both GTOPO 30 s and SRTM 1s datasets are

shown in Figures 3.3 and 3.4, respectively.

3.2.3 Planetary Boundary Layer Parameterization

The planetary boundary layer (PBL) scheme implemented in the model plays a decisive

role on the accuracy of reanalyzed state and affects the flow within the PBL as the wind

varies according to the stability of the atmosphere. Researchers have studied, performing

a sensitivity test of the WRF model, and found that the Yonsei University (YSU) scheme

shows improvement over the other PBL schemes of WRF [26]. Hence, YSU scheme is applied

in the simulations, which uses identical profile functions for momentum and heat assuming

turbulent Prandtl number as a constant [24].

3.2.4 Model Evaluation

The results of the WRF model should be verified because of the uncertainty in model imple-

mentation for any specific location. Hence, experimental datasets from Mini SODAR 4000
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series located in the Turfgrass area at Guelph are used to evaluate the WRF simulations

in higher elevation wind for every 4 hours while Guelph Turfgrass weather station’s hourly

dataset is used for the surface level comparison. A quantitative comparison between the

experimental observations and WRF model is performed by determining the Fractional Bias

(FB) and the Normalized Mean Square Error (NMSE) defined by [4]

FB =

∑n
i=1 Oi −

∑n
i=1 Mi

0.5(
∑n

i=1Oi +
∑n

i=1 Mi)
, (3.6)

NMSE =

∑n
i=1 (Oi −Mi)

2

(
∑n

i=1Oi)(
∑n

i=1Mi)
. (3.7)

Here, O and M represent the median of experimental observations and WRF outputs

at every hour or every four hours, respectively, while n represents the number of samples.

Moreover, as the wind direction is a circular variable, deviations in wind direction as pre-

dicted by WRF and the observations are reported as the absolute bias or difference between

simulations and observations. For each comparison between the observation (O) and the

model (M), the bias is calculated using

∆φ =| O −M | %180. (3.8)

Here all angles are in degrees and the remainder of a positive difference is taken by

dividing this difference with 180◦ to ensure that the difference is always between 0 and 180◦

[82]. However, for multiple comparisons, an average value is taken for the wind bias.

3.3 Results and Discussion

The comparison between WRF simulations in domain 5 and the experimental observations

on August 3, 4 and 13, 2018 is evaluated in this discussion. In each time interval, the median

value of every property is considered to perform statistical analysis because the mean value

may not be a fair representation of the data due to the mean value being easily influenced

by the outliers in the data.

3.3.1 Horizontal Wind Velocity

Horizontal wind speed is a fundamental meteorological property caused by air moving from

high to low pressures. Figure 3.5 shows the fractional bias of horizontal wind speed at 10
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m (near surface level), 70 m (Mini SODAR) and 170 m (Mini SODAR). These altitudes are

pressure heights.4 In these figures, the error bars represent the Normalized Mean Square

Error (NMSE).

(a) 10 m (b) 70 m

(c) 170 m

Figure 3.5: Effect of topography on horizontal wind velocity at 10 m, 70 m, and 170 m; The
error bars represent the Normalized Mean Square Error (NMSE).

It is observed that in convective hours, when the atmosphere is thermally unstable,

WRF shows less fractional bias and error than the thermally stable conditions at late night

and early morning. There are no significant differences between low and high topographic

resolution WRF simulations although at 10 m elevation high topographic resolution WRF

4www.weather.gov/epz/wxcalc pressurealtitude
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simulations sometimes show marginally better agreement than the low topographic resolu-

tion WRF simulations. Low altitude wind speeds at surface level are influenced by surface

roughness and atmospheric thermal stability [25]. Low topographic resolution WRF simula-

tions do not account for realistic surface roughness in the topography and therefore exhibit

unwanted bias in wind speed compared to high topographic resolution WRF simulations.

Figures 3.6 and 3.7 show the horizontal wind velocity in domain 5 at 10 m for different

types of topography on August 4, 2018 during thermally stable and unstable conditions.

From this study, it is found that there are some differences in horizontal wind velocity and

wind direction at 0200 and 0600 LDT although at 1400 and 1800 LDT these properties are

almost the same both for GTOPO and SRTM WRF simulations. GTOPO WRF simulations

exhibit higher wind velocity than STRM cases in thermally stable condition. Moreover, the

wind direction also changes from east to south-east in GTOPO WRF cases while the wind

direction is towards the east side at most of the times in SRTM WRF simulations during

thermally stable hours.

The horizontal wind velocity profile is shown in Figure 3.8 both for GTOPO and SRTM

WRF simulations. In support of surface-level contour plots of wind speed, when the atmo-

sphere is stable the wind velocity is lower during late night and early morning. On the other

hand, the horizontal velocity at lower altitudes becomes higher in convective hours due to

the warming of air when the atmosphere is thermally unstable.

3.3.2 Vertical Wind Velocity

Vertical wind velocity is a key factor for cloud development, precipitation, and development

of weather systems [86]. Figure 3.9 shows the fractional bias of vertical wind speed at 70

m (Mini SODAR) and 170 m (Mini SODAR) respectively. It is also noted that the 10 m

observation does not include vertical wind speed. In these figures, the error bars represent

the Normalized Mean Square Error (NMSE).

The present results of the vertical velocity profile show better agreements with Mini

SODAR at thermally unstable condition compared to the stable condition. However, there

are large differences between low and high topographic resolution WRF simulations at stable

conditions and with low topographic resolution WRF simulations resulting in more bias and

error. Nevertheless, it should be borne in mind that, as a sonic instrument, the Mini SODAR

has limitations in measuring profiles of vertical wind accurately in higher altitudes which

may affect the experimental measurements.
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(a) GTOPO: 0200 LDT (b) SRTM: 0200 LDT

(c) GTOPO: 0600 LDT (d) SRTM: 0600 LDT

(e) GTOPO: 1000 LDT (f) SRTM: 1000 LDT

Figure 3.6: Effect of topography on 10-m horizontal wind velocity and direction at 0200,
0600, and 1000 LDT on August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO: 1400 LDT (b) SRTM: 1400 LDT

(c) GTOPO: 1800 LDT (d) SRTM: 1800 LDT

(e) GTOPO: 2200 LDT (f) SRTM: 2200 LDT

Figure 3.7: Effect of topography on 10-m horizontal wind velocity magnitude and direction
at 1400, 1800, and 2200 LDT on August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO (b) SRTM

Figure 3.8: Horizontal wind velocity profile based on pressure height on August 4, 2018.

(a) 70 m (b) 170 m

Figure 3.9: Effect of topography on vertical wind velocity at 70 m and 170 m; The error
bars represent the Normalized Mean Square Error (NMSE).
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3.3.3 Wind Direction

(a) 70 m (b) 70 m

(c) 170 m

Figure 3.10: Effect of topography on wind direction at 70 m and 170 m showing the median
values of wind direction bias for each hour.

The median values of wind direction bias at 10 m (near surface level), 70 m (Mini

SODAR) and 170 m (Mini SODAR) are shown in Figure 3.10. It has been identified that

there is an extensive bias of wind direction in thermally stable conditions while the bias

is less in the unstable condition. In stable condition, the wind flows very slowly which

causes more complexity to determine the exact wind direction for a specific time. Moreover,

the bias of wind direction is more near the surface level than the higher altitudes. This

is due to the surface roughness, and shear stress which results in frequent changes of wind
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directions. However, there is no significant difference in wind direction between low and high

topographic resolution WRF simulations during most of the times.

3.3.4 Potential Temperature

Potential temperature is an important parameter which is not affected by the physical lifting

or sinking associated with the flow over solid obstacles or turbulence in the atmosphere [80].

Figure 3.11: Fractional bias of potential temperature at 2 m; The error bars represent the
Normalized Mean Square Error (NMSE).

Figure 3.11 shows the fractional bias of potential temperature at 2 m (near surface

level) in domain 5. In terms of predicting the potential temperature, WRF shows better

agreements at the stable condition. Moreover, it has been observed that the bias is negative

in the stable condition which means WRF overpredicts potential temperature during this

time. In contrast, WRF underestimates the potential temperature at the unstable condition

as the fractional bias shows positive trend during convective hours. However, the bias is

almost the same in most of the times for low and high topographic resolution WRF outputs.

Figures 3.12 to 3.14 illustrate the surface level potential temperature contour plots and

potential temperature profiles both in stable and unstable conditions. The spatial distri-

bution of potential temperature shows similar agreements at the stable conditions although

there are more deviations of potential temperature between low and high topographic res-

olutions for the unstable condition. It appears that the surface level temperature is better

well-mixed for high topographical resolution during convective hours. This can explain the
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(a) GTOPO: 0200 LDT (b) SRTM: 0200 LDT

(c) GTOPO: 0600 LDT (d) SRTM: 0600 LDT

(e) GTOPO: 1000 LDT (f) SRTM: 1000 LDT

Figure 3.12: Effect of topography on 2-m potential temperature at 0200, 0600, and 1000
LDT on August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO: 1400 LDT (b) SRTM: 1400 LDT

(c) GTOPO: 1800 LDT (d) SRTM: 1800 LDT

(e) GTOPO: 2200 LDT (f) SRTM: 2200 LDT

Figure 3.13: Effect of topography on 2-m potential temperature at 1400, 1800, and 2200
LDT on August 4, 2018; times in Local Daylight Time (LDT).
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(a) Potential temperature profile: GTOPO (b) Potential temperature profile: SRTM

Figure 3.14: Potential temperature profile based on pressure height on August 4, 2018.

difference in the results during convective hours because surface roughness variations can

possibly be responsible for a higher degree of surface-level mixing. In the potential temper-

ature profile, when the atmosphere is stable at night and early morning, there is positive

potential temperature gradient while the potential temperature gradient is negative at lower

altitudes in thermally unstable condition especially during the afternoon hours.

3.3.5 Relative Humidity

Besides water content, relative humidity depends on temperature and the pressure of any

region. The same amount of water vapor results in higher relative humidity in cool air than

warm air.

Figures 3.15 to 3.17 show the fractional bias of relative humidity at 2 m (near surface

level) and the spatial distributions of relative humidity at stable and unstable conditions in

domain 5 for low and high topographic resolutions. WRF shows a negative correlation for

the fractional bias of relative humidity and temperature. WRF underpredicts the relative

humidity at the stable condition as the bias is positive while it overestimates the relative

humidity at the unstable condition. However, there is no significant difference of relative

humidity between low and high topographic resolution WRF outputs in most of the times

although at 1000 LDT the humidity of SRTM WRF simulation is comparatively lower than

the GTOPO WRF simulation.
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Figure 3.15: Fractional bias of relative humidity at 2 m. The error bars represent the
Normalized Mean Square Error (NMSE).

3.3.6 Sensible Vertical Turbulent Heat Flux

The turbulent vertical heat flux involves the eddy-induced fluxes of heat. At the surface level,

the small-scale turbulence determines the vertical heat flux, while the large-scale turbulence

heat flux is zero. With the increase of height, the large-scale turbulence heat flux increases

and reaches a maximum value [90].

WRF shows fewer variations of vertical turbulent heat flux in both low and high topo-

graphic resolution simulations in thermally stable condition. However, the differences are

more under the thermally unstable condition, when the heat flux changes rapidly with time.

From Figures 3.18 and 3.19, it is observed that high topographic resolution WRF simulations

predict higher heat flux than the low topographic resolution WRF simulations. Moreover,

in support of the potential temperature spatial distribution contours, the heat flux is also

higher in SRTM WRF simulation at 1000 LDT similar to the potential temperature although

at thermally stable hours there are no significant differences.

3.4 Error Analysis

The experimental data from the Mini SODAR and Guelph Turfgrass weather station are used

to evaluate the WRF simulations for those specific locations in domain 5. A quantitative

comparison between the experimental observations and WRF model is also performed by
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(a) GTOPO: 0200 LDT (b) SRTM: 0200 LDT

(c) GTOPO: 0600 LDT (d) SRTM: 0600 LDT

(e) GTOPO: 1000 LDT (f) SRTM: 1000 LDT

Figure 3.16: Effect of topography on 2-m relative humidity at 0200, 0600, and 1000 LDT on
August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO: 1400 LDT (b) SRTM: 1400 LDT

(c) GTOPO: 1800 LDT (d) SRTM: 1800 LDT

(e) GTOPO: 2200 LDT (f) SRTM: 2200 LDT

Figure 3.17: Effect of topography on 2-m relative humidity at 1400, 1800, and 2200 LDT on
August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO: 0200 LDT (b) SRTM: 0200 LDT

(c) GTOPO: 0600 LDT (d) SRTM: 0600 LDT

(e) GTOPO: 1000 LDT (f) SRTM: 1000 LDT

Figure 3.18: Effect of topography on 10-m vertical turbulent heat flux at 0200, 0600, and
1000 LDT on August 4, 2018; times in Local Daylight Time (LDT).
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(a) GTOPO: 1400 LDT (b) SRTM: 1400 LDT

(c) GTOPO: 1800 LDT (d) SRTM: 1800 LDT

(e) GTOPO: 2200 LDT (f) SRTM: 2200 LDT

Figure 3.19: Effect of topography on 10-m vertical turbulent heat flux at 1400, 1800, and
2200 LDT on August 4, 2018; times in Local Daylight Time (LDT).
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determining the Fractional Bias (FB) and the Normalized Mean Square Error (NMSE).

Table 3.2 shows the FB and NMSE of different parameters to compare WRF outputs with

experimental observations.

Table 3.2: Effect of topography showing the FB and NMSE of different atmospheric prop-
erties.

Parameter
FB NMSE

GTOPO SRTM GTOPO SRTM
Horizontal wind velocity at 10 m -0.661 -0.662 0.491 0.492
Horizontal wind velocity from SODAR -0.363 -0.345 0.137 0.123
Vertical wind velocity from SODAR 0.071 0.289 0.005 0.085
Potential temperature at 2 m 0.012 0.011 0.0001 0.0001
Relative humidty at 2 m 0.017 0.029 0.0003 0.0009

It is identified that although there are small differences in predicting horizontal wind

velocity at surface level and higher altitudes, the differences between low and high topo-

graphic resolution WRF simulations are significant in predicting the vertical wind velocity.

Low topographic resolution simulations realize better results than high topographic reso-

lution simulations as far as vertical wind is concerned. WRF overpredicts the horizontal

wind velocity both at surface level and higher elevation while it underpredicts the vertical

velocity at the measured elevations. Moreover, the bias of horizontal wind velocity is also

higher at surface level compared to higher altitudes. WRF shows a very high correlation

in fractional bias between potential temperature and relative humidity. High topographic

resolution simulations produce slightly better results than low topographic resolution simu-

lations in predicting the potential temperature while low topographic resolution simulations

show better agreements with experimental observation in predicting the relative humidity.

3.5 Conclusions

The sensitivity tests of low and high topographic resolution WRF simulations are performed

to observe the urban climate both in the surface level and higher altitudes. The numerical

results are compared to the experimental observations of a Mini SODAR and Guelph Tur-

fgrass weather station to evaluate the WRF outputs. Overall, the model has presented a

better performance in predicting heat-related properties such as temperature and relative
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humidity compared to the momentum-related properties in agreement with a previous study

[28]. It is also determined that low topographic resolution simulations show reasonable agree-

ment with observed relative humidity while high topographic resolution simulations predict

the potential temperature more accurately at surface level. On the other hand, the error

of horizontal wind velocity is less with high topographic resolution WRF simulations while

low topographic resolution WRF simulations deliver better results in terms of predicting

the vertical wind velocity. It is also found that predicting the surface level wind velocity is

one of the main limitations of WRF as the fractional bias is almost double compared to the

bias of wind velocity at higher elevations. As far as the wind direction is concerned, it is

also found that predictions of surface-level wind direction are less reliable, especially during

thermally stable conditions, compared to wind directions at higher altitudes. However, as

the atmosphere is calm during thermally stable hours, the winds are slower, which may also

cause inaccurate measurement of wind directions and result in a large bias of wind direction

in thermally stable conditions.
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Chapter 4

WRF Simulations over a Complex

Mining Facility

4.1 Experimental Observation

The simulations were run on a desktop with 24 Central Processing Units (CPUs). Due to

model computational cost, no more than three days of simulations were possible for the

Summer and Winter seasons. The experimental measurements were performed in an open-

pit mining facility in northern Canada in May 2018 and March 2018. As shown in Figure

4.1, the facility includes a tailings pond, which is an area of refused mining waste where the

waterborne refuse material is pumped, and most of the outlets of the pumps are located near

the barren area on the East side of the pond. Open-pit mining excavations are primarily

conducted over the mine area.

For the Summer campaign, three days, May 18, 24, and 30 in 2018, were chosen for

observation-model comparison based on the availability of experimental datasets. To ensure

that these three days were representative of weather conditions in May 2018, the horizontal

wind velocity and air temperature during those days were compared to statistics of weather

conditions observed during the entire May 2018 as measured by the Wood Buffalo Environ-

mental Association (WBEA) weather station indicated in Figure 4.1. Figure 4.2 shows the

horizontal wind velocity and temperature during these days in comparison to the median,

10th percentile, and 90th percentile of hourly observations during May 2018. Based on this

investigation, the observations in those three days are reasonably close to the monthly range.

For the Winter campaign, three days, March 16, 18, and 21 in 2019, were chosen to
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compare the WRF model with the experimental measurements. Comparison to monthly

statistics was not performed in this case. Based on the findings of a rigorous sensitivity study

conducted for the Summer campaign, WRF was executed with the optimum configurations

for the Winter campaign. The following instruments were used to determine horizontal

and vertical wind velocities, temperature, vertical potential temperature gradient (potential

temperature lapse rate), relative humidity, and sensible heat flux at surface level and higher

elevations in the mining facility. Figure 4.1 shows the location of experimental observations

in the mining facility during the Summer season.

Figure 4.1: Locations of the meteorological instruments deployed at the mining facility for
model comparison in the Summer campaign; Figure color coded with surface height above
sea level.

4.1.1 SOnic Detections And Ranging (SODAR)

A PA-5 SODAR by Remtech Inc. was used to measure horizontal and vertical wind velocity

and wind direction from 100 m to 2700 m with 100-m vertical resolution with an output

frequency of 60 minutes.1 This acoustic wind profiler has the capability of measuring wind

1http://www.remtechinc.com
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(a) Horizontal wind veloctiy at 10 m (b) Temperature at 2 m

Figure 4.2: Horizontal wind velocity (a) and temperature (b) distribution for the entire
month of May in 2018 as measured by the Wood Buffalo Environmental Association (WBEA)
weather station indicated in Figure 4.1.

speed from 0 to 40 m s−1. The SODAR is perfectly suited for regional wind studies for pol-

lutant dispersion analysis, meteorological studies, and military applications. It was located

on the west side of a tailings pond.

Table 4.1: Measured parameters by PA-5 SODAR.

Parameter Parameter description Units
ALT Altitude m
CT Echo strength -
SPEED Horizontal wind speed cm s−1

DIR Wind direction degrees
S DIR Standard deviation of wind direction degrees
W Vertical wind speed cm s−1

SW Standard deviation of vertical wind speed cm s−1

SU Standard deviation of horizontal wind speed (along wind) cm s−1

SV Standard deviation of horizontal wind speed (cross wind) cm s−1

INVMI Mixing height m
-9999 No measurement available -

The measured parameters by the PA-5 SODAR system are shown in Table 4.1. The

SODAR works by emitting sound waves in three directions up through the atmosphere. The
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sound signal sent from the transducers into the air are echoed by the air and returned to

the SODAR. The time delay from when the sound signal was transmitted to when it was

received indicates the sampling height based on the speed of sound. Moreover, wind speed

causes a change in frequency and this change in frequency, combined with the known angles

of the three sound beams, is interpreted to produce the wind profiles of the atmosphere

[21, 22]. Rainfall also generates acoustic noise that has some impacts on the transmitted

and received signal of the transducers [18]. The upper limit of rainfall rate for PA-5 SODAR

is typically 1 to 2 cm per hour which depends on the atmospheric conditions. Moreover, the

SODAR system can detect snow as snowflakes are bigger than raindrops. Furthermore, the

acoustic noise due to snowflakes impacting on the transducers is negligible [2]. However, the

antenna heating is applied for 2 to 3 hours to clean the transducers if there is a snow storm

during observation. The ratio between the backscattered signal and the received ambient

acoustic noise decreases when the surrounding noise of the SODAR increases [35]. This

SODAR can measure in environments with up to 65 dBA of noise and there is an inaccuracy

of measurement above this sound level. The minimum horizontal distance of an obstacle

should be equal to its height to reduce the impact of ground clutter [99].

4.1.2 Tethered And Navigated Air Blimp (TANAB)

The customized Tethered And Navigated Air Blimp (TANAB) consists of fixed and variable

payloads. The fixed payload is comprised of a helium balloon, the navigation tether, a tether

reel, and a gondola platform housing multiple sensors. The variable payload is comprised

of microclimate sensors such as the TriSonicaTM Mini weather station by Applied Technolo-

gies, Inc. to measure 3D wind profiles, wind direction, pressure, temperature, and relative

humidity with a frequency of 10 Hz.2 It is capable of measuring the wind speed from 0 to

30 m s−1, temperature between −25 to 80 ◦C, pressure between 50 to 115 kPa, and relative

humidity between 0 to 100 %. The measurement resolution of this mini weather station

is 0.1 m s−1 for wind speed, 1◦ for wind direction, and 0.1 ◦C for temperature. Moreover,

the accuracy of measurement for wind speed is ±0.1 m s−1, for wind direction is ±1◦, and

for temperature is ±2 ◦C. This mini weather station is ideal for applications that require

a miniature, lightweight, and low-velocity anemometer, and it is suitable particularly for

airborne systems. The TANAB was launched multiple times up to an altitude of 200 m from

surface level both in the mine (on May 18 and 24, 2018) and near the pond (on May 30,

2http://www.apptech.com
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2018). Each launch took about one hour. Meteorological variables were statistically sampled

every five minutes to produce medians of wind speed and potential temperature as a function

of time of day and height.

4.1.3 3D Ultrasonic Anemometer

Two CSAT 3B ultrasonic anemometers from Campbell Scientific Inc. were used to mea-

sure the 3D wind components and temperature at 10 Hz as recommended by [5]. 3 The

anemometer has the capability of measuring wind speed up to 30 m s−1 and temperature

from −30 to 50 ◦C. The measurement resolutions of these ultrasonic anemometers are 0.001

m s−1 for horizontal wind, 0.0005 m s−1 for vertical wind, 0.058◦ for wind direction, and

0.002 ◦C for temperature. Moreover, the accuracies are ±0.08 m s−1 for horizontal wind,

±0.04 m s−1 for vertical wind, and ±10◦ for wind direction. These ultrasonic anemometers

were located to the north side of the mine and south-west of the pond at 10 m elevation on

meteorological towers.

4.1.4 2D Ultrasonic Anemometers

Three R. M. YOUNG Model 86004 2D ultrasonic anemometers from R. M. YOUNG Com-

pany were operated to measure wind velocity and wind direction at 10 Hz. 4 These anemome-

ters can measure wind speed in a range from 0 to 65 m s−1 with an accuracy of ±0.2 m

s−1 and wind direction with an accuracy of ±2◦. The measurement resolution of wind speed

is 0.01 m s−1 and wind direction is 0.1◦. These sensors offer high performance and low

power consumption in a compact size. These 2D ultrasonic anemometers were located to

the south-west of the mine, east, and north-west of the pond. They were installed at 10 m

elevation on meteorological towers.

4.1.5 Weather Stations

Two weather stations were also operational. For the first weather station, a Gill 3-cup

anemometer and model 41382 Relative Humidity/Temperature Probe from R. M. YOUNG

Company were set up to measure wind velocity, wind direction, temperature, and relative

humidity at 1 Hz. 5 The temperature and relative humidity probe can measure temperature

3https://www.campbellsci.ca
4http://www.youngusa.com
5http://www.youngusa.com
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from −50 to 50 ◦C with an accuracy of ±0.3 ◦C and relative humidity between 0 to 100

% with an accuracy of ±1 %. The cup anemometer and the relative humidity/temperature

probe were located at the north side of mine on a trailer which was 2 m above the ground.

The second weather station was located at the south-east corner of the mining facility. The

meteorological data from this station were downloaded from the Wood Buffalo Environmental

Association (WBEA) website.6

4.1.6 LIDAR Topographical Measurements

Light Detection And Ranging (LIDAR) observations were made by Clean Harbors Company

to determine the actual topography of the mining facility.7 Airborne Imaging was performed

to complete calibration on every LIDAR acquisition flight and data was acquired over a

calibration site flown with at least two passes in opposite directions before and after the

flight. Any error in the attitude of the aircraft (roll, pitch, and heading) was observed

and corrected for within system specifications. To statistically quantify the accuracy, the

LIDAR elevations were compared with independently surveyed ground points. This LIDAR

observation has an accuracy of ±1 m in the horizontal direction and ±0.1 m in the vertical

direction.

4.2 WRF Model

4.2.1 Domain Configurations

WRF has been tested with various configurations including the way of nesting, grid reso-

lution, time-invariant data resolution, and geographical shifts in the domain centre. The

minimum grid distance of the nested domains should be at least four grid cells from the par-

ent boundary. Figure 4.3 and Table 4.2 illustrate the size and configuration of the domains,

respectively, where domain 1 is the largest domain and domain 5 is the smallest one. The

domains consist of five nested levels. The largest domain (1) covers parts of Alberta, British

Columbia, Saskatchewan, and Manitoba provinces. It also covers parts of Yukon, Northwest,

and Nunavut Territories. The smallest domain (5) contains primarily the mining facility.

6https://wbea.org/
7http://www.airborneimaginginc.com
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Figure 4.3: WRF simulation domains centred at the mining facility colour coded with surface
height above sea level.

Table 4.2: Domain configurations and associated parameters.

Parameter Domain 1 Domain 2 Domain 3 Domain 4 Domain 5
Domain size (km × km) 2000 632.7 197.6 61.4 18.5
Low horizontal resolution (km) 15 5 1.67 0.56 0.18
Mid horizontal resolution (km) 10 3.33 1.11 0.37 0.12
High horizontal resolution (km) 7 2.33 0.77 0.26 0.09
Grid elements for low horizontal resolution 133 127 119 110 100
Grid elements for mid horizontal resolution 200 190 178 166 154
Grid elements for high horizontal resolution 285 271 256 244 232
Top of the domain (km) 25 25 25 25 25
Vertical levels for low vertical resolution 45 45 45 45 45
Vertical levels for mid vertical resolution 90 90 90 90 90
Vertical levels for high vertical resolution 120 120 120 120 120
Output frequency (min) 60 60 60 60 60
GTOPO 30s topographical resolution (m) 900 900 900 900 900
SRTM 1s/LIDAR topographical resolutions (m) - - - 30 30
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4.2.2 Initialization

For the Summer campaign, the WRF simulations are executed for three different days on May

18, 24, and 30 in 2018, for 36 hours in each day including a spin-up time of 12 hours. Different

configurations have been studied in sensitivity tests varying the topographic resolution, land

use, horizontal grid resolution, number of vertical levels, and PBL parameterization. The

simulations were run with the non-hydrostatic ARW solver while one-way nesting method

was chosen for better stability [102]. WRF provides the option for obtaining time-varying

meteorological initialization fields from different sources. The Global Forecasting System

(GFS) dataset has been used for the simulations to provide initial and time-varying boundary

conditions to WRF at 3-hour time resolution and 0.5◦ spatial resolution [39, 106, 126].8 The

other implemented physics are Lin et al. [70] scheme for microphysics, Multi-scale Kain-

Fritsch [133] scheme for cumulus physics, and Dudhia [41] scheme for longwave and shortwave

radiations. For computational stability, the magnitude of timestep satisfies a conservative

Courant number choice for the coarsest grid and is further divided in subsequent finer nested

grids by the same ratio as the horizontal grid refinement. A ratio of 1
3

for both timestep and

horizontal resolution in successive nested grids was used as suggested [106]. For example, at

high horizontal and mid vertical resolutions, the model timesteps were in the order of 200 s

to 2 s for domains 1 to 5, respectively.

Topography and Land Use

As shown in Figure 4.4, the default Global 30 Arc-Second (GTOPO 30s) and the Shuttle

Radar Topography Mission 1 Arc-Second (SRTM 1s) datasets are used to modify the res-

olution of topography in domains 4 and 5. GTOPO 30s is a global dataset covering the

full extent of the earth. As a low-resolution topographic initialization, the GTOPO 30s

dataset has a topographic horizontal resolution of 900 m by 900 m. On the other hand,

the SRTM 1s dataset contains digital elevation models on a near-global scale to generate

the most complete high-resolution digital topographic database of the earth. The SRTM 1s

dataset has a topographic resolution of 30 m by 30 m [38, 72]. Moreover, in this study, the

SRTM 1s dataset is corrected with the LIDAR topographical measurements to include the

actual topography of the mining facility in WRF simulations at a resolution of 1 m by 1 m.

Land Use (LU) classifications in WRF describe surface properties such as temperature,

roughness, permeability, moisture, etc. that are important drivers for atmospheric dynamics.

8https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/global-forcast-system-gfs
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(a) GTOPO 30s (b) SRTM 1s with LIDAR

Figure 4.4: Surface height from sea level: GTOPO 30s is the non-modified land; SRTM 1s
with LIDAR contains land modifications showing the mine and the tailings pond.

In the mining facility, changes in land surface must be correctly accounted for to be able to

realistically simulate atmospheric transport and dynamics. LU classification has significant

impact on meteorological simulations [28, 124]. Three LU classifications are considered for

the simulations. In the first classification, the default WRF LU from a MODerate Resolution

Imaging Spectroradiometer (MODIS) 30s data product (Modified 20-category IGBP-MODIS

land use) is considered. This LU does not observe the existence of the mining facility. In

the second classification, WRF LU is overwritten with MODIS 15s data product (Modified

20-category IGBP-MODIS land use) reflecting the existence of the mining facility. The

following classifications have been used: pond (water = 17), mine (barren = 16), plant and

lodge (urban and built-up = 13), and other (grassland = 10). This modification overwrites

the water temperature by the nearest lake temperature [44]. In the third classification, WRF

LU is overwritten with MODIS 30s data product (Modified 21-category IGBP-MODIS land

use), also reflecting the existence of the mining facility. The following classifications have

been used: pond (lake = 21), mine (barren = 16), plant and lodge (urban and built-up =

13), and other (grassland = 10) [44]. With this option, however, a one-dimensional mass

and energy balance scheme for the pond is considered to model it as a lake [48, 111]. A

depth of 50 m was considered and the lake model accounted for 25 model layers including

up to 5 layers for snow, 10 layers for water, and 10 layers for soil. LU changes in WRF were

only considered for the topography case considering modifications with the SRTM-LIDAR
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(a) GTOPO 30s non-modified land use (b) SRTM-LIDAR non-modified land use

(c) SRTM-LIDAR with modified land use
(d) SRTM-LIDAR with modified land use and
lake model

Figure 4.5: Topography and land use classifications for WRF simulations.
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topography datasets. The aerodynamic roughness length throughout the 5 domains was also

appropriately forced by specifying the land use classification. Figure 4.5 shows the three

LU configurations for WRF simulations. Note that only MODIS 30s data product allowed

the inclusion of the lake model, so it must have been considered over the MODIS 15s data

product.

Planetary Boundary Layer Parameterization

The planetary boundary layer (PBL) scheme implemented in the model plays a decisive role

in the accuracy of the flow within the PBL as the wind varies according to the stability

of the atmosphere. Two PBL parameterization options are considered. Researchers have

performed sensitivity tests of the WRF model and found that the Yonsei University (YSU)

scheme shows improvement over other PBL schemes of WRF [26]. Hence, YSU scheme is

applied as the first option. For the second option, the Large-Eddy Simulation (LES) is

used assuming that the resolved turbulent and terrain-driven eddies are mainly responsible

for the bulk of the vertical and horizontal transfer of momentum, heat, water vapor, and

atmospheric constituents with the PBL [31, 112].

Grid Resolution

One of the main objectives of enhancing horizontal and vertical grid resolutions is to reach a

grid resolution that will be adequate to explicitly resolve atmospheric dynamics within the

PBL [9, 96]. Hence, the grid spacing is changed both in horizontal and vertical directions

to find the optimum grid resolution in this study. The grid resolutions for YSU WRF

simulations in literature are varied from 0.44 km to 4 km [26, 83]. On the other hand, high

horizontal grid spacing (typically below 0.1 km) is implemented for WRF-LES simulations

to resolve the energetic scales of turbulence more accurately [79, 119]. Hence, for consistency

between YSU WRF and WRF-LES simulations, the horizontal grid spacing for low, mid, and

high resolutions in domain 5 are 0.18, 0.12, and 0.09 km, respectively. On the other hand,

the default 45 vertical levels are considered as low vertical level, wherein, 90 and 120 vertical

levels are implemented to obtain mid and high vertical resolutions, respectively. Moreover,

the low, mid, and high vertical levels provide 13, 17, and 21 vertical levels below 2700 m

elevation, respectively. Grid resolution details for all domains are provided in Table 4.2.

55



4.2.3 Evaluation

The results of the WRF model should be evaluated against observations because of the uncer-

tainty in model implementation for any specific application. Hence, experimental datasets

from SODAR are used to evaluate the WRF simulations at higher elevation wind speed

and direction, while TANAB, 2D/3D ultrasonic anemometers, and weather station datasets

are used for comparison of the WRF simulation results to surface-level observations. Note

that since TANAB flies in low altitudes up to 200 m, it is considered a surface level instru-

ment. A quantitative comparison between the WRF model and experimental observations

is performed by determining the bias and Root Mean Square Error (RMSE) defined by

BIAS =

∑n
i=1 (Mi −Oi)

n
, (4.1)

RMSE =

√∑n
i=1 (Mi −Oi)2

n
. (4.2)

Here, Mi and Oi represent the WRF results and experimental observations, respectively,

on an hourly basis for all three days of analysis combined, and n represents the sample size.

Moreover, as the wind direction is a circular variable, differences of wind direction between

WRF and the observations are always reported within ±180◦ as shown in Figure 4.6 [82].

A two-sample statistical estimation test is also performed to calculate the range for the

difference in bias for a given atmospheric property when running the model under different

configurations. This inferential test quantifies the change in bias and therefore quantifies

any model improvement or deterioration as a result of changing model configurations. If x1

and s2
1, and x2 and s2

2 are the average and standard deviation of independent samples of size

n1 and n2, respectively, an approximate (1−α) 100% confidence interval for µ1−µ2, i.e. the

difference between the means of biases, is

(x1 − x2)− tα/2

√
s2

1

n1

+
s2

2

n2

< µ1 − µ2 < (x1 − x2) + tα/2

√
s2

1

n1

+
s2

2

n2

, (4.3)

where tα/2 is the t-value with degrees of freedom

ν =

(
s21
n1

+
s22
n2

)2

(s21/n1)2

n1−1
+

(s22/n2)2

n2−1

, (4.4)

leaving an area α/2 to the right of a t probability distribution function [118].
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(a) Case 1: Bias ≤ 180◦ (b) Case 2: Bias ≥ − 180◦

(c) Case 3: Bias > 180◦ (d) Case 4: Bias < − 180◦

Figure 4.6: Wind direction bias calculation for different cases to report the bias within
±180◦.
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4.3 Results and Discussion

The comparison between WRF simulations in domain 5 and the experimental observations

in the Summer and Winter campaigns are evaluated in this discussion. The simulations

associated with the Summer campaign are rigorously examined with respect to the effects of

topography and land use modifications. Subsequently, the effects of horizontal/vertical reso-

lutions and planetary boundary layer parameterization are discussed. For statistical analysis,

both hourly statistics and overall error statistics are calculated. For hourly statistics, the

median values of every property for the three simulation dates and observations are consid-

ered. This is motivated by the fact that the mean value may not be a fair representation of

the data due to the mean value being easily influenced by the outliers in the data. For the

overall statistics, the bias and RMSE of every property at every diurnal time and multiple

observation locations are computed. The analysis is followed by examining the difference

between GFS forecast and reanalysis forcing data as well as the performance of the model

associated with the Winter campaign.

4.3.1 Effect of Topography and Land Use

The effects of topography, land use, and lake model are discussed in this section. For

this investigation, mid horizontal/vertical resolutions WRF simulations are run to minimize

computational expense. Moreover, the Yonsei University (YSU) scheme is chosen for PBL

parameterization because LES cases sometimes diverged during running the WRF simula-

tions on the mid horizontal/vertical resolutions.9 The bias and RMSE of different properties

are shown in Table 4.3. Moreover, the two-sample estimation tests among different cases

are also presented in Table 4.4 showing a range for the difference in bias for pairs of model

configurations.

Wind Velocity

Figure 4.7 shows the horizontal wind velocity in domain 5 near the surface level for different

types of topography and land use configurations. It should be noted that the TANAB

system is considered as a surface level measurement because it only probes the atmospheric

boundary layer up to low altitudes typically under 200 m.

9The model did not run to completion, and it crashed before the end of simulation time.
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Table 4.3: Effects of topography and land use change on atmospheric dynamics; the table
shows the bias and RMSE of different atmospheric properties between the WRF model and
field observations.

Parameter Errors GTOPO
SRTM- SRTM- SRTM-
LIDAR LIDAR/LU LIDAR/LU/Lakes

Horizontal wind velocity at 10 m (m s−1)
BIAS -0.29 -0.28 0.04 0.02
RMSE 1.58 1.58 1.53 1.57

Wind direction at 10 m (◦)
BIAS 0.33 -1.28 -1.37 -3.39
RMSE 73.9 74.3 76.1 73.6

Horizontal wind velocity from TANAB (m s−1)
BIAS 0.77 0.29 0.47 0.52
RMSE 1.84 1.52 1.70 1.87

Horizontal wind velocity from SODAR (m s−1)
BIAS 0.10 0.15 0.43 0.55
RMSE 2.14 2.14 2.34 2.34

Wind direction from SODAR (◦)
BIAS 2.65 -0.83 -0.47 0.19
RMSE 75.8 76.5 77.2 76.8

Temperature at 2 m (◦C)
BIAS -0.66 -0.59 0.04 0.17
RMSE 2.39 2.30 2.51 2.47

Potential temperature gradient from TANAB (K m−1)
BIAS 0.016 0.016 0.016 0.015
RMSE 0.027 0.027 0.027 0.028

Relative humidity at 2 m (%)
BIAS 0.46 0.22 -2.74 -1.05
RMSE 9.62 9.51 9.40 9.67

Sensible heat flux at 10 m (W m−2)
BIAS 40.4 37.4 12.6 14.8
RMSE 97.0 96.8 56.4 56.5

Table 4.4: Effects of topography and land use changes on atmospheric dynamics showing
the two-sample estimation test (α=0.1) among different cases; a range for difference in bias
is reported for pairs of model configurations.

Parameter

GTOPO GTOPO GTOPO

SRTM-LIDAR SRTM-LIDAR/LU SRTM-LIDAR/LU/Lakes

Minimum Maximum Minimum Maximum Minimum Maximum

Horizontal wind velocity at 10 m (m s−1) -0.44 0.42 -0.75 0.10 -0.74 0.12

Wind direction at 10 m (◦) -18.7 21.9 -18.9 22.3 -16.5 23.9

Horizontal wind velocity from TANAB (m s−1) 0.02 0.94 -0.19 0.79 -0.26 0.76

Horizontal wind velocity from SODAR (m s−1) -0.64 0.54 -0.94 0.28 -1.06 0.16

Wind direction from SODAR (◦) -17.4 24.4 -17.9 24.1 -18.5 23.4

Temperature at 2 m (◦C) -0.71 0.57 -1.37 -0.03 -1.50 -0.16

Potential temperature gradient from TANAB (K m−1) -0.007 0.007 -0.007 0.007 -0.007 0.008

Relative humidity at 2 m (%) -2.38 2.86 0.59 5.81 -1.13 4.15

Sensible heat flux at 10 m (W m−2) -23.6 29.6 6.01 49.6 3.84 47.4
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) TANAB

Figure 4.7: Effects of topography and land use changes on horizontal wind velocity near
surface level showing the median values of model and observation for each hour; here the
instruments were set up at 10 m elevations from the surface except for the TANAB.
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It is observed that there is no major difference of wind speed predictions when compar-

ing to 2D/3D ultrasonic anemometers at 10 m although at midnight and early morning the

WRF case with SRTM-LIDAR topography, modified land use, and lake model shows better

agreement with the experimental observation. However, the model shows the improvement

of wind velocity prediction with SRTM-LIDAR topography when compared to TANAB ob-

servations with errors reduced by 0.02 to 0.94 m s−1 (α = 0.1). As the variations of wind

speed at low altitudes depend on the surface roughness and atmospheric stability [25], the

WRF case without the mine topography cannot perform accurate simulations. Moreover, in

convective hours when the atmosphere is unstable, WRF shows less bias than the thermally

stable conditions at late night and early morning, in agreement with findings of [109].

Figures 4.8, 4.9 and B.1 to B.4 show the horizontal wind velocity in domain 5 at 10

m for different types of topography and land use configurations on May 18, 2018 during

thermally stable and unstable conditions. There are some circulations over the mine cavity

at 0200 MST in most of the WRF simulations accounting for the mine terrain. As a result,

winds are slower in that area and exhibit circulation [75]. Meanwhile, during nighttime the

temperature of the pond is more than the surrounding land surfaces and the slightly warmer

pond temperatures drive an airflow mechanism in cases accounting for land use modification

and lakes model. However, at 1400 MST when the atmosphere is mostly unstable, there

are no major differences of wind velocity and wind direction among various topographies

although some circulations are observed over the pond area for the case with SRTM-LIDAR

topography and land use modification in WRF.

Meteorological complexities in the site as a function of space and time can be best

demonstrated using vertical profiles of wind velocity at different locations such as forest,

pond, mine, and barren areas. For this purpose, four profiles were considered for further

analysis of the WRF simulation results. Two profiles were considered at the centre of the

mine and the pond to represent atmospheric columns over these areas. A forest profile just

north of the mine was considered. In addition, another profile in between the mine and

pond was chosen to represent the developed barren areas of the site. Figure 4.10 shows

the horizontal wind velocity profiles in domain 5 for SRTM-LIDAR with land use and lake

model at different locations on May 18, 2018. In agreement with surface level contour plots

of wind speed, the mine is more calm than other locations at night time and early morning

hours when the atmosphere is thermally stable. On the other hand, the horizontal wind

velocity at lower altitudes increases in convective hours when the atmosphere is thermally

unstable. There is a difference between the magnitude of wind speed at surface level and
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.8: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 0200 MST on May 18, 2018; times in Mountain Standard Time
(MST).
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.9: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 1400 MST on May 18, 2018; times in Mountain Standard Time
(MST).
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(a) Horizontal wind velocity at 0200 MST (b) Horizontal wind velocity at 0600 MST

(c) Horizontal wind velocity at 1000 MST (d) Horizontal wind velocity at 1400 MST

(e) Horizontal wind velocity at 1800 MST (f) Horizontal wind velocity at 2200 MST

Figure 4.10: Horizontal wind velocity profiles based on pressure height at different locations
on May 18, 2018; times in Mountain Standard Time (MST).
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higher altitudes within the lower portion of the PBL during the thermally stable conditions.

On the other hand, during the thermally unstable condition, a more or less vertically uniform

wind speed is observed throughout the lower portion of the PBL.

Wind Direction

Figure 4.11 shows the median values of wind direction bias in domain 5 near the surface level

for different types of topography and land use configurations. There are no major differences

in wind direction among different WRF simulations. As the weather station inside the mine

did not measure wind direction, so the circulation of winds in the mine could not be con-

firmed experimentally. However, there is a higher bias of wind direction in thermally stable

conditions while the bias is less during thermally unstable conditions. In stable conditions,

the wind flows very slowly which causes more complexity to determine the exact wind direc-

tion for a specific time. Also, it is well known that PBL parameterizations are less accurate

for thermally stable conditions, so less accurate results were expected [7]. In addition, the

bias is large in most of the sensors during thermally neutral conditions when atmospheric

stability alternates from stable to unstable or unstable to stable. Similar conclusions were

reached where WRF simulations were compared with surface-level observations by Talbot et

al. [112].

Figure 4.12 shows the wind direction profiles in domain 5 for SRTM-LIDAR topography

with land use modification and lake model at different locations on May 18, 2018. The wind

direction over the mine area is significantly different from other locations at 0200 MST due

to the circulation occurring in that region near the surface level. The deviations of wind

direction are the greatest at lower altitudes both in stable and unstable conditions. Surface

friction due to topography plays an important role in the speed and direction of surface

winds. However, the effect of friction for topography usually does not extend to higher

elevations explaining the more or less similar wind directions for the four profiles at higher

altitudes.

Temperature

Figure 4.13 shows the temperature at 2 m in domain 5 for different types of topography and

land use. The results show that WRF exhibits lower error in predicting temperature than

wind speed and wind direction [28]. Moreover, WRF shows reasonable agreements both in

stable and unstable conditions. However, SRTM-LIDAR topography cases with land use
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) WBEA Station

Figure 4.11: Effects of topography and land use changes on bias of wind direction at 10 m
elevations from the surface showing the median values of wind direction bias for each hour.
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(a) Wind direction at 0200 MST (b) Wind direction at 0600 MST

(c) Wind direction at 1000 MST (d) Wind direction at 1400 MST

(e) Wind direction at 1800 MST (f) Wind direction at 2200 MST

Figure 4.12: Wind direction profiles based on pressure height at different locations on May
18, 2018; times in Mountain Standard Time (MST).
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modification and lakes model do not improve the predictions of temperature, in agreement

with a previous study [51].

(a) Weather Station (b) WBEA Station

Figure 4.13: Effect of topography and land use changes on temperature at 2 m showing the
median values of model and observation for each hour.

The spatial distributions of surface skin temperature and potential temperature at 2 m

both in stable and unstable conditions on May 18, 2018 are shown in Figures 4.14 to 4.17

and B.5 to B.12. Examining surface level contour plots of skin temperature and temperature

at 2 m provides a convenient way to understand the impact of altered topography and land

use on meteorology. Two mechanisms are considered to explain the observed effects: net

radiation heat transfer between the earth surface and the sky, and the heat capacity of the

earth surface. The land is always emitting longwave radiation upward to the atmosphere and

space, but during the day this loss of longwave radiation from the surface is more than offset

by incoming shortwave (solar) radiation. Given the low heat capacity of the land, this results

in warm surface temperatures during the day and cold surface temperatures during the night.

For water bodies, given the higher heat capacity, the temperature variation exhibits a lower

amplitude diurnal cycle. This results in warmer water temperatures at night and colder

water temperatures during the day compared to the surrounding land surface temperatures

[41]. These phenomena can only be simulated in WRF when accounting for SRTM-LIDAR

topography, land use, and lake model [51]. Hence, over midnight (0200 MST) in thermally

stable hours, the pond surface exhibits a warmer temperature compared to the surrounding

areas. It is also found that when the lake model is not used, WRF overwrites the pond
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.14: Effect of topography and land use changes on surface skin temperature at 0200
MST on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.15: Effect of topography and land use changes on surface skin temperature at 1400
MST on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.16: Effect of topography and land use changes on 2-m potential temperature at
0200 MST on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.17: Effect of topography and land use changes on 2-m potential temperature at
1400 MST on May 18, 2018.
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(a) Potential temperature at 0200 MST (b) Potential temperature at 0600 MST

(c) Potential temperature at 1000 MST (d) Potential temperature at 1400 MST

(e) Potential temperature at 1800 MST (f) Potential temperature at 2200 MST

Figure 4.18: Potential temperature profiles based on pressure height at different locations
on May 18, 2018; times in Mountain Standard Time (MST).
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temperature according to the temperature of the nearest water body in its domains that

causes lower temperatures over the pond. This is why there is no change of skin surface

temperature and potential temperature when accounting for SRTM-LIDAR topography with

land use but no lake model during the day and night times. The differential surface skin

temperatures have profound effects on atmospheric dynamics over the mining facility. It can

be noted that surface skin temperatures influence the surface-level atmospheric temperatures,

particularly during the night and early morning hours, so that surface-level air temperatures

are warmer over the pond compared to surrounding at 0200 MST. However, during the

daytime, the forest surface level air temperatures are just as high as the mining and developed

areas or at most marginally lower than the temperatures in the mining or developed areas.

Figure 4.18 shows the potential temperature profiles in domain 5 for the case accounting

for SRTM-LIDAR topography, land use, and lake model at different locations on May 18,

2018. These potential temperature profiles demonstrate atmospheric stability variations as

a function of diurnal time. In addition, and in support of surface-level contour plots of

potential temperature, we can observe warmer columns of air over the pond compared to

surrounding areas in the absence of solar heating (0200, 0600 and 2200 MST) and colder

columns of air over the pond with solar heating (1000, 1400, and 1800 MST). This can also

be attributed to the high heat capacity of water. The potential temperature profiles over

the mine and forest also demonstrate unique complexities. Moreover, in the early morning

and late night, the temperature gradient is positive at lower elevations while the surface

temperature is lower than the higher elevations. In contrast, during daytime in most of the

locations, the temperature gradient is negative which shows that the surface temperature is

higher than the temperature at the nearest higher elevations [37].

Relative Humidity

Figure 4.19 shows the relative humidity at 2 m in domain 5 for different types of topography

and land use. The difference between model and observation is larger during nighttime and

early morning hours than the daytime.

Figures 4.20, 4.21 and B.13 to B.16 show the spatial distributions of relative humidity

during stable and unstable conditions. There are no major differences between GTOPO

and SRTM-LIDAR cases although accounting for land use modifications and lake model in

WRF results in changes of relative humidity over the pond. When the lake model is enabled,

the relative humidity over the pond area is lower than the surrounding areas at nighttime

and early morning hours because the pond is warmer than the surrounding areas. However,
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(a) Weather Station (b) WBEA Station

Figure 4.19: Effect of topography and land use changes on relative humidity at 2 m showing
the median values of model and observation for each hour.

at daytime, the relative humidity over the pond area is higher than the surrounding areas

because the pond is colder than the surrounding areas. The relative humidity is also inversely

related to air temperature. For the same mixing ratio of water vapor in the air, the relative

humidity at lower temperatures is higher because cold air can hold less water vapor before

it is saturated. On the other hand, for the same mixing ratio of water vapor in the air,

the relative humidity at higher temperature is lower because warm air can hold more water

vapor before it is saturated.

Sensible Vertical Turbulent Heat Flux

The effect of topography and land use on sensible heat flux at 10 m is shown in Figure 4.22.

One of the major advantages of using land use modifications and lakes model is to predict

the sensible vertical turbulent heat fluxes more accurately with errors reduced by 3.84 to 47.4

W m−2 (α = 0.1). It is clearly identified that land use and lake model can predict the heat

flux closer to the experimental measurements. As heat flux is mostly dependent on the land

use classifications, WRF cases based on GTOPO and SRTM-LIDAR topographies without

land use implementation and lake model exhibit large biases for heat flux with respect

to the experimental measurements. WRF also shows less temporal variations of sensible

vertical turbulent heat flux during the nighttime stable condition with a small difference

between model and observation. On the other hand, WRF shows higher temporal variations
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.20: Effect of topography and land use changes on 2-m relative Humidity at 0200
MST on May 18, 2018.

76



(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.21: Effect of topography and land use changes on 2-m relative Humidity at 1400
MST on May 18, 2018.
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.22: Effect of topography and land use changes on sensible vertical turbulent heat
flux at 10 m.

of sensible vertical turbulent heat flux during the daytime unstable condition with a large

difference between model and observation.

Figures 4.23, 4.24 and B.17 to B.20 show the spatial distributions of sensible vertical

turbulent heat flux during the thermally stable and unstable conditions. There are no major

differences between GTOPO and SRTM-LIDAR cases both at 0200 and 1400 MST. However,

when the lake model is enabled, the sensible vertical turbulent heat flux over the pond area

is higher than the surrounding areas at 0200 and 0600 MST as the water body is usually

warmer than the surrounding areas that increases the heat flux over the pond. On the other

hand, at daytime water bodies are colder compared to the surrounding areas resulting in

lower heat flux over the pond compared to the surrounding areas.

4.3.2 Effects of Grid Resolution and Planetary Boundary Layer

Parameterization

The effects of horizontal and vertical grid resolutions and PBL parameterization are discussed

in this section. Based on the results in the previous section, only the case with SRTM-LIDAR

topography, land use change, and lakes model are considered for this sensitivity study because

overall lower errors were observed for these configurations. The bias and RMSE of different

properties are shown in Table 4.5. The two-sample test was also employed in this case but
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.23: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 0200 MST on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure 4.24: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 1400 MST on May 18, 2018.
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a table is not provided for brevity.

Wind Velocity

Figures 4.25 and 4.26 show the horizontal wind velocity in domain 5 near surface level for

different types of grid resolutions and PBL parameterizations. For a given grid resolution,

the PBL parameterization does not have a notable effect on the overall bias and RMSE

of horizontal wind velocity. The high horizontal and mid/high vertical grid resolutions

marginally improve the predictability of horizontal wind velocity at 10 m [24]. However,

there is a major impact of grid resolutions in predicting horizontal wind velocity as measured

by TANAB. Increasing the horizontal and vertical resolutions can reduce errors up to 1.52

to 3.40 m s−1 (α = 0.1) in wind speed predictions near the surface up to 200 m altitude.

Similar findings were reported in other literatures [30, 78, 107]. Hence, the horizontal grid

resolutions should be at least 0.12 km in domain 5 with 90 vertical levels to obtain a lower

bias of horizontal wind velocity as compared against TANAB.

In the case of PBL parameterization, high horizontal and mid vertical grid resolution

cases are chosen for plotting Figure 4.26 showing the hourly median values of wind speed

for the selected three days of simulations. Both Yonsei University Scheme (YSU) and Large-

Eddy Simulations (LES) have similar performance in predicting the diurnal variation of

surface-level wind speed although YSU has better numerical convergence performance since

LES cases occasionally diverge.

Wind Direction

The effects of grid resolution and PBL parameterization on wind direction bias in domain

5 are shown in Figures 4.27 and 4.28. The changes in grid resolutions do not have a major

impact on the overall bias and RMSE of wind direction. However, as a sonic instrument,

SODAR has some limitations to measure the actual wind direction, as well as WRF may also

struggle due to the low vertical resolution at higher altitudes. This study has also shown that

the model-observation difference for wind direction is higher in thermally stable conditions

than unstable conditions due to the inaccuracy of PBL parameterizations and difficulty to

measure wind direction at low wind speeds [7].
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) TANAB

Figure 4.25: Effect of grid resolution on horizontal wind velocity near surface level showing
the median values of model and observation for each hour.
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) TANAB

Figure 4.26: Effect of PBL parameterization on horizontal wind velocity near surface level
showing the median values of model and observation for each hour.
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) WBEA Station

Figure 4.27: Effect of grid resolution on wind direction at 10 m showing the median values
of wind direction bias for each hour.
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

(c) 2D Ultrasonic 1 (d) 2D Ultrasonic 2

(e) 2D Ultrasonic 3 (f) WBEA Station

Figure 4.28: Effect of PBL parameterization on wind direction at 10 m showing the median
values of wind direction bias for each hour.
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Temperature

Figures 4.29 and 4.30 show the temperature at 2 m in domain 5 for different types of grid

resolutions and PBL parameterizations. From Table 4.5 and Figures 4.29 and 4.30 it is

observed that grid resolution and PBL parameterization do not show any major impact on

predicting temperature near the surface level. Moreover, the overall bias is also similar for

different grid resolutions and PBL parameterizations.

(a) Weather Station (b) WBEA Station

Figure 4.29: Effect of grid resolution on temperature at 2 m showing the median values of
model and observation for each hour.

Relative Humidity

Figures 4.31 and 4.32 show the relative humidity at 2 m in domain 5 for different types of

grid resolution and PBL parameterization. From Table 4.5 and these figures, it is observed

that grid resolution and PBL parameterization do not show significant impact on predicting

the relative humidity near the surface level. Moreover, the overall bias is also similar for

different grid resolutions and PBL turbulence parameterizations.

Sensible Vertical Turbulent Heat Flux

The effect of grid resolution and PBL parameterization on sensible heat flux at 10 m is shown

in Figures 4.33 and 4.34. From this study, it is observed that there is an improvement of sen-

sible vertical turbulent heat flux prediction by increasing resolutions beyond mid horizontal
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(a) Weather Station (b) WBEA Station

Figure 4.30: Effect of PBL parameterization on temperature at 2 m showing the median
values of model and observation for each hour.

(a) Weather Station (b) WBEA Station

Figure 4.31: Effect of grid resolution on relative humidity at 2 m showing the median values
of model and observation for each hour.
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(a) Weather Station (b) WBEA Station

Figure 4.32: Effect of PBL parameterization on relative humidity at 2 m showing the median
values of model and observation for each hour.

and mid vertical grid resolutions resulting -8.89 to 23.3 W m−2 (α = 0.1) less bias. Similar

findings were reported in other studies [128]. On the other hand, LES predicts the sensible

vertical heat flux more accurately than YSU WRF simulations by -11.4 to 21.1 W m−2 (α =

0.1) less bias. The time variations of heat flux at convective hours can also be identified for

both YSU WRF and WRF-LES simulations. Hence, LES WRF simulations can be utilized

to improve the predictions of sensible vertical turbulent heat flux both in thermally stable

and unstable conditions.

4.3.3 GFS Forecast versus Reanalysis Initial and Boundary Con-

ditions

The Global Forecasting System (GFS) Forecast and Reanalysis datasets have been used in the

WRF simulations to observe if they make any difference in the predictions.10 GFS Forecast

provides initial and time-varying boundary conditions to WRF at 3-hour time resolution

and 0.5◦ spatial resolution with the global WRF model run into the future [39, 106, 126].

On the other hand, GFS Reanalysis datasets are based on model-observation interpolations

and data assimilations to represent the atmospheric condition in a past state. In Reanalysis,

statistical methods of the variability of measurements are performed to provide a diverse,

10https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/global-forcast-system-gfs
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(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.33: Effect of grid resolution on sensible vertical turbulent heat flux at 10 m showing
the median values of model and observation for each hour.

(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.34: Effect of PBL parameterization on sensible vertical turbulent heat flux at 10 m
showing the median values of model and observation for each hour.
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spatially complete, and comprehensible record of the meteorological properties at 6-hour

time resolution and 0.5◦ spatial resolution [47, 88].

For this investigation, mid horizontal/vertical resolution WRF simulations with modified

topography, land use, and lake model are run to minimize computational expense. More-

over, the Yonsei University (YSU) scheme is chosen for PBL parameterization because LES

cases sometimes diverge during running the WRF simulations on the mid horizontal/vertical

resolution. The comparison between GFS Forecast and Reanalysis for WRF simulations in

domain 5 and the experimental observations on May 18, 24 and 30, 2018 is performed in this

study. The bias and RMSE of different properties are shown in Table 4.6.

Table 4.6: Effects of GFS datasets on WRF simulations; table shows the bias and RMSE of
different atmospheric properties between the WRF model and field observations.

Parameter Errors Forecast Reanalysis

Horizontal wind velocity at 10 m (m s−1)
BIAS 0.02 0.24
RMSE 1.57 1.68

Wind direction at 10 m (◦)
BIAS -3.39 -8.62
RMSE 73.6 69.1

Horizontal wind velocity from TANAB (m s−1)
BIAS 0.52 0.79
RMSE 1.87 2.04

Horizontal wind velocity from SODAR (m s−1)
BIAS 0.55 0.94
RMSE 2.35 2.80

Wind direction from SODAR (◦)
BIAS 0.19 -6.37
RMSE 76.8 78.1

Temperature at 2 m (◦C)
BIAS 0.17 -0.09
RMSE 2.47 2.32

Potential temperature gradient from TANAB (K m−1)
BIAS 0.015 0.017
RMSE 0.029 0.030

Relative humidity at 2 m (%)
BIAS -1.05 -0.43
RMSE 9.67 9.22

Sensible heat flux at 10 m (W m−2)
BIAS 14.8 17.5
RMSE 56.5 59.4

Overall, GFS Forecast datasets have better performance than the GFS Reanalysis in

predicting the meteorological properties both in surface level and higher elevations. For

example, the bias in horizontal wind velocity with Forecast datasets near the surface level

is 0.02 m s−1, exhibiting -0.22 to 0.67 m s−1 (α=0.1) less bias than the Reanalysis cases.

At higher elevations, the difference of bias between Forecast and Reanalysis cases is even

more than the surface level comparison. Moreover, GFS Forecast results in -14.3 to 24.8◦
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and -13.2 to 18.6 W m−2 (α=0.1) less bias than Reanalysis cases in predicting the wind

direction and sensible heat flux, respectively, near surface level. However, the prediction of

relative humidity at 2 m improves by -1.97 to 3.2% (α=0.1) when GFS Reanalysis datasets

are implemented in WRF simulations. Based on these findings, the Forecast datasets are

preferred over Reanalysis datasets. This recommendation is only valid for running WRF

up to 36 hours, as longer run times may yield a different result suggesting and reanalysis

datasets may be preferred.

4.3.4 Meteorological Properties over the Mining Facility in Win-

ter

The Winter variations of various atmospheric properties and the comparison between the

WRF simulations and the experimental observations are evaluated in this discussion. The

experimental observations were conducted from February 16 to March 24 in 2019. Like the

Summer season, several meteorological instruments such as SODAR, TANAB, 3D ultrasonic

anemometers, and weather station were used for field observations in the mining facility.

Based on the availability of experimental datasets, three different days, March 16, 18, and

21 in 2019, were chosen to execute the WRF simulations. The bias and RMSE of different

meteorological properties are shown in Table 4.7.

Horizontal Wind Velocity

Figure 4.35 shows the diurnal variations of horizontal wind velocity at 10 m elevation. From

Table 4.7, the bias of wind speed is higher compared to Summer 2018 WRF simulations by

0.39 to 1.95 m s−1 (α=0.1) for both thermally stable and unstable conditions.

Figures 4.36 and C.1 illustrate the spatial distributions of horizontal wind velocity at

different times in March 16, 2019. In the Winter season, occasionally the wind speed is more

during early morning and late night hours compared the convective hours. This phenomenon

is totally opposite to the Summer season. This is a feature of northern latitude climates such

as the Arctic. However, unlike the Summer season, no circulation is observed in the mine

because of the higher wind speeds during this season.

In support of the spatial distribution plots, the same phenomena are observed in the wind

velocity profiles as shown in Figure 4.37. A high velocity of wind is observed in the early

morning and late night at low elevations than the daytime. Although the mine was calmer

in the Summer season during the early morning hours, in the Winter the wind velocity is
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Table 4.7: Seasonal variations of various atmospheric properties in the mining facility; table
shows the bias and RMSE between the WRF model and field observations.

Parameter Errors Summer 2018 Winter 2019

Horizontal wind velocity at 10 m (m s−1)
BIAS -0.12 -1.29
RMSE 1.59 3.70

Wind direction at 10 m (◦)
BIAS 2.12 -17.4
RMSE 73.9 51.9

Horizontal wind velocity from TANAB (m s−1)
BIAS -0.21 1.50
RMSE 1.64 2.49

Horizontal wind velocity from SODAR (m s−1)
BIAS 0.01 2.38
RMSE 1.59 3.70

Wind direction from SODAR (◦)
BIAS -6.91 -6.86
RMSE 74.4 47.2

Temperature at 2 m (◦C)
BIAS 0.28 -5.86
RMSE 2.57 6.78

Potential temperature gradient from TANAB (K m−1)
BIAS 0.017 -0.014
RMSE 0.029 0.033

Relative humidity at 2 m (%)
BIAS -1.84 47.3
RMSE 9.45 49.9

Sensible heat flux at 10 m (W m−2)
BIAS 17.9 9.03
RMSE 59.5 36.1
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higher than the other locations in the facility during those hours. On the other hand, the

mine becomes calmer during daytime wherein the wind velocity is higher in the barren area

during convective hours.

(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.35: Horizontal wind velocity at 10 m elevation in Winter 2019 showing the median
values of model and observation for each hour.

(a) Horizontal wind velocity at 0200 MST (b) Horizontal wind Velocity at 1400 MST

Figure 4.36: Horizontal wind velocity at 10 m in Winter on March 16, 2019; times in
Mountain Standard Time (MST).
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(a) Horizontal wind velocity at 0200 MST (b) Horizontal wind velocity at 0600 MST

(c) Horizontal wind velocity at 1000 MST (d) Horizontal wind velocity at 1400 MST

(e) Horizontal wind velocity at 1800 MST (f) Horizontal wind velocity at 2200 MST

Figure 4.37: Horizontal wind velocity profiles based on pressure height at different locations
on March 16, 2019; times in Mountain Standard Times (MST).
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Wind Direction

(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.38: Bias of wind direction at 10 m elevation in Winter 2019 showing the median
values of wind direction bias for each hour.

The bias of wind direction is almost consistent at surface level and higher elevations in

both thermally stable and unstable conditions as shown in Figure 4.38. In Summer as the

wind flows very slowly during early morning and late night hours, instruments have some

limitations to measure the actual wind direction for low-velocity wind, and hence, there is

a large bias between the observations and numerical results. However, in the winter season,

because of the higher wind velocities, such difficulties are not observed in these meteorological

instruments and that is why less bias of wind direction is observed in the Winter season.

However, some large bias of wind direction is still present in the Winter WRF simulations,

especially at thermally neutral conditions when the atmosphere changes its thermal stability

status. Moreover, as shown in Figure C.2 the topography of the mining facility does not have

a significant impact to vary the wind direction at different locations because of the higher

wind velocities. Apart from this, the solar radiation energy budget of the surface is reduced

and the snow covers the entire facility in the Winter, which decreases the rapid changes of

surface temperatures.

Temperature and Relative Humidity

The temporal variation of temperature and relative humidity at 2 m are shown in Figure

4.39. Although WRF can predict the temperature more accurately in the early morning,
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it struggles to predict the actual temperature during daytime and hence the overall bias of

temperature is −5.86 ◦C, while in the Summer it is 0.28 ◦C. However, WRF can still predict

the diurnal trend of the temperature while under predicting it. On the other hand, WRF

over predicts the relative humidity in the Winter as the consequence of the underprediction

of temperature. There is a 47.3 % difference of relative humidity between the observations

and WRF simulations in the Winter compared to only −1.84% difference in the Summer.

The overall predictability of surface-level temperature and relative humidity exhibit more

bias in the Winter compared to the Summer by 4.73 to 7.54 ◦C and 39 to 59 % (α=0.1)

more bias, respectively.

Figures 4.40 to 4.42 and C.3 to C.5 show the spatial distribution of surface skin temper-

ature, and 2-m temperature and relative humidity on March 16, 2019. As water bodies are

warmer than the surrounding areas during nighttime, WRF predicts higher temperatures

over the pond than the mining area. However, during the daytime, the mine is warmer than

the pond although there is a significant increase in temperature outside the facility in the

boreal forest. Moreover, there is no major variation of relative humidity in the early morning

and late night, while during the daytime in the mining facility WRF predicts higher relative

humidity than other regions in domain 5.

The temperature profiles at different locations on March 16, 2019 are shown in Figure

4.43 for both thermally stable and unstable conditions. It is observed that the pond is

warmer during night time while it is cooler during convective hours. On the other hand,

temperature over the mine is lower than the other regions in most of the times. Moreover,

the atmosphere is mostly stable in the Winter season over the mining facility as there is a

positive temperature gradient observed in most of the temperature profiles. However, at 1000

and 1400 MST some negative temperature gradients appear in the lower elevations when the

atmosphere becomes unstable because of the higher surface temperature at convective hours.

Sensible Vertical Turbulent Heat Flux

The sensible vertical turbulent heat flux at 10 m elevation is shown in Figure 4.44. In

Winter, with reduced solar radiation, reduced temperature, and snow cover, there is a sig-

nificantly negative heat flux during many hours. Similar to the Summer WRF simulations,

the bias of heat flux is more during convective hours compared to the early morning and

late night observations. However, a large variation of heat flux is observed in 3D Ultrasonic

2 during early morning and convective hours although it shows better agreement during the

evening and late night comparisons. Overall, WRF simulations predict the trend of heat

97



(a) Temperature (b) Relative humidity

Figure 4.39: Temperature and relative humidity at 2 m in Winter 2019 showing the median
values of model and observation for each hour.

(a) Surface skin temperature at 0200 MST (b) Surface skin temperature at 1400 MST

Figure 4.40: Surface skin temperature on March 16, 2019.
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(a) Potential temperature at 0200 MST (b) Potential temperature at 1400 MST

Figure 4.41: Potential temperature at 2 m on March 16, 2019.

(a) Relative humidity at 0200 MST (b) Relative humidity at 1400 MST

Figure 4.42: Relative Humidity at 2 m on March 16, 2019.
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(a) Potential temperature at 0200 MST (b) Potential temperature at 0600 MST

(c) Potential temperature at 1000 MST (d) Potential temperature at 1400 MST

(e) Potential temperature at 1800 MST (f) Potential temperature at 2200 MST

Figure 4.43: Potential temperature profiles based on pressure height at different locations
on March 16, 2019; times in Mountain Standard Time (MST).
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flux qualitatively during the Winter.

The spatial distributions of 10-m sensible heat flux are shown in Figures 4.45 and C.6

at different times. In support of the hourly plots, the heat flux is negative during thermally

stable conditions while WRF predicts some positive heat flux during convective hours, most

significantly from the boreal forest. However, although the heat flux is higher during day-

times, in the mining facility it shows negative heat flux in thermally unstable conditions.

This is because of the snow cover reflecting solar radiation, while it is not necessarily the

case in the forest area. However, no signification variation of heat flux is observed between

the pond and the mine area both during thermally stable and unstable conditions.

(a) 3D Ultrasonic 1 (b) 3D Ultrasonic 2

Figure 4.44: Sensible vertical turbulent heat flux at 10 m in Winter 2019 showing the median
values of model and observation for each hour.

4.4 Conclusions

The Weather Research and Forecasting (WRF) model sensitivity tests are performed to

observe distinct meteorological properties over complex topography of a remote open-pit

mining facility in northern Canada. The sensitivity study varied the topography, land use,

horizontal and vertical grid resolutions, Planetary Boundary-Layer (PBL) parameterization,

initial datasets, and the season to arrive at the best configuration for running WRF while

minimizing modelling errors in comparison to field observations. Comparisons of model

results to observations are performed in both surface level and higher elevations using various
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(a) Sensible heat flux at 0200 MST (b) Sensible heat flux at 1400 MST

Figure 4.45: Sensible vertical turbulent heat flux at 10 m on March 16, 2019.

meteorological instruments and weather stations including 2D/3D ultrasonic anemometers,

a Tethered And Navigated Air Blimp (TANAB), a SOnic Detection And Ranging (SODAR)

instrument, cup anemometers, temperature, and relative humidity sensors. The default

surface topography in the model was modified using the Shuttle Radar Topography Mission

1 Arc-Second (SRTM 1s) dataset in combination with local LIght Detection And Ranging

(LIDAR) observations, while land use change was implemented from a MODerate Resolution

Imaging Spectroradiometer (MODIS) 30s data product.

For Summertime simulations, it was observed that during thermally stable conditions

the difference between model and observed wind speed and direction are more than those in

thermally unstable conditions. This is likely due to the inaccuracies of experimental mea-

surements and PBL parameterizations for thermally stable conditions. The model exhibits

a better performance in predicting momentum and heat-related properties when surface to-

pography, land use change, and lake model are accounted for. For instance, accounting for

surface topography reduces the wind speed bias by 0.02 to 0.94 m s−1 (α = 0.1) when com-

pared to TANAB observations. While modifying land use and implementing a lake model

in WRF do not have a significant effect on the prediction of momentum related properties,

these changes undoubtedly provide better accuracy in predicting temperature gradient and

sensible vertical turbulent heat flux. For instance, the sensible vertical turbulent heat flux

can be predicted with 3.84 to 47.4 W m−2 (α = 0.1) less error. Hence, modifying land use

and implementing a lake model should be considered for more accurate WRF simulations.
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As far as grid resolution is concerned, increasing horizontal or vertical resolutions does

not significantly impact wind direction predictions. However, it has been found that resolu-

tions greater than mid horizontal and mid vertical predict 1.52 to 3.40 m s−1 (α = 0.1) less

bias in wind speed and -8.89 to 23.3 W m−2 (α = 0.1) less bias in heat flux compared to

coarser resolutions. Investigation of the PBL parameterizations indicated that both Yonsei

University (YSU) and Large-Eddy Simulation (LES) schemes provided similar performance,

although LES diverges numerically for some simulations. On the other hand, LES predicts

marginally more accurate results for sensible vertical turbulent heat flux than the YSU in

most of the WRF simulations by reducing errors from -11.4 to 21.1 W m−2 (α = 0.1).

Compared to Reanalysis datasets, Global Forecasting System (GFS) Forecast datasets

have better accuracy in predicting most of the meteorological properties both near surface

level and higher elevations. Overall, the Forecast datasets reduce biases with respect to

Reanalysis datasets by -0.22 to 0.67 m s−1 (α=0.1), -14.3 to 24.8◦, -13.2 to 18.6 W m−2, and

-1.97 to 3.2% (α=0.1) for surface level wind speed, surface-level wind direction, sensible heat

flux, and relative humidity, respectively. This finding should be interpreted with caution

because it is only valid for WRF runs up to 36 hours into the future. Long run times require

further investigations.

The Winter simulations clearly indicate that WRF has less accuracy in predicting most

of the meteorological properties during the Winter season. For example, wind velocity bias

is 0.39 to 1.95 m s−1 (α=0.1) more in the Winter than the Summer season. However, the

RMSE of the wind direction is less during the Winter (51.9◦) compared to the Summer (73.9◦)

because of the higher wind velocity as well as better accuracy of measurements. Moreover,

the overall predictability of surface-level temperature and relative humidity exhibit more

bias in the Winter compared to the Summer by 4.73 to 7.54 ◦C and 39 to 59 % (α=0.1),

respectively. However, the predictability of heat flux is improved by -4.6 to 22.4 W m−2

(α=0.1) in the Winter compared to the Summer. Nevertheless, WRF predicts a reasonable

and qualitative behaviour of the Atmospheric Boundary Layer (ABL) in the Winter, which is

characterized by higher wind speeds, more thermally stable conditions, and reduced sensible

heat flux.
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Chapter 5

Conclusions and Further Work

In this thesis, the sensitivity tests of the Weather Research and Forecasting (WRF) model

are performed to observe distinct meteorological properties over complex terrains of an urban

area and a remote mining facility in northern Canada. The sensitivity study in the urban

area only involves varying the resolution of the surface topography, while for the mining fa-

cility, the sensitivity study is more rigorous involving variation of the topography, land use,

horizontal and vertical grid resolutions, Planetary Boundary-Layer (PBL) parameterization,

forcing data, and seasons. The objective was to arrive at the best configuration for running

WRF while minimizing modelling errors in comparison to field observations. Comparisons

of model results to observations are performed in both surface level and higher elevations

using various meteorological instruments and weather stations including 2D/3D ultrasonic

anemometers, a Tethered And Navigated Air Blimp (TANAB), two SOnic Detection And

Ranging (SODAR) instruments, cup anemometers, temperature, and relative humidity sen-

sors. Key findings are summarized below.

5.1 WRF and Topography

The default surface topography in the model was modified using the Shuttle Radar Topogra-

phy Mission 1 Arc-Second (SRTM 1s) dataset (for both the mine and urban simulations) in

combination with local LIght Detection And Ranging (LIDAR) observations (for the mine

simulation only). In the mining facility, there is no significant improvement in surface-level

wind velocity and wind direction as a result of increasing topographical resolutions. How-

ever, accounting for high-resolution surface topography reduces the wind speed bias by 0.02

to 0.94 m s−1 (α = 0.1) when compared to TANAB observations probing the surface layer
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up to 200 m in altitude. On the other hand, modifying surface topography does not have a

major impact on heat-related properties.

In the urban area, low topographic resolution WRF simulations show reasonable agree-

ment with observed relative humidity, while high topographic resolution simulations predict

the potential temperature more accurately at surface level. For example, the Normalized

Mean Square Error (NMSE) of relative humidity is 0.00029 % with the low-topographic res-

olution, compared to the NMSE of the relative humidity of 0.00089 % for high topographic

WRF simulations. On the other hand, the NMSE of temperature for low topographic WRF

simulations is 0.00014 %, which is marginally higher than the high topographic WRF sim-

ulations of having NMSE of about 0.00011 %. The error of horizontal wind velocity is less

with high topographic resolution WRF simulations while low topographic resolution WRF

simulations deliver much better results in terms of predicting the vertical wind velocity. For

instance, the NMSE of vertical velocity is only 0.005 % for low topographic WRF simulation,

while it is 0.086 % for WRF simulations with higher topographic resolution. It is also found

that predictions of surface-level wind direction are less reliable in the urban area, especially

at thermally stable conditions, compared to wind directions at higher altitudes. However,

as the lower atmosphere is calm during thermally stable hours, the wind moves very slowly,

which may also cause inaccurate measurements of wind directions using the anemometers

and result in large biases of wind direction in thermally stable condition.

5.2 WRF and Land Use Classification

Land use change was implemented from a MODerate Resolution Imaging Spectroradiometer

(MODIS) 30s data product. Only the mine simulations are investigated for this sensitivity

test. The model exhibits a better performance in predicting heat-related properties when

land use change and lake modelling are accounted for. While modifying land use and imple-

menting a lake model in WRF do not have a significant effect on the prediction of momentum

related properties, these changes undoubtedly provide better accuracy in predicting tempera-

ture gradient, and sensible vertical turbulent heat flux predictions. For instance, the sensible

vertical turbulent heat flux can be predicted with 3.84 to 47.4 W m−2 (α = 0.1) less bias

which encourages the implementation of the actual land use and lakes physics for WRF sim-

ulations. Hence, modifying land use and implementing a lake model should be considered

to analyze the atmospheric conditions more accurately.
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5.3 WRF and Grid Resolution

As far as grid resolution is concerned, only the mine simulations are investigated for this

sensitivity test. Increasing horizontal or vertical resolutions does not significantly impact

wind direction predictions. However, increasing horizontal and vertical resolutions can reduce

bias up to 1.52 to 3.40 m s−1 (α = 0.1) in wind speed predictions near the surface up to

200 m altitude. The effect of grid resolutions on relative humidity and sensible vertical heat

flux is marginal although mid horizontal and mid vertical or any grid resolutions higher than

this improve the sensible heat flux by predicting -8.89 to 23.3 W m−2 (α = 0.1) less bias

compared to the other gird resolutions. Overall, the resolution having a horizontal grid size

of 0.12 km or 0.09 km in the smallest domain and implementation of 90 vertical levels should

be sufficient to provide accurate predictions in comparison to experimental measurements of

the mining facility.

5.4 WRF and Planetary Boundary-layer Parameteri-

zation

Investigation of the PBL parameterizations is only considered for the mine case. It was

indicated that both Yonsei University (YSU) and Large-Eddy Simulation (LES) schemes

provided similar performance, although LES diverges numerically for some simulations. On

the other hand, LES predicts marginally more accurate results for sensible vertical turbulent

heat flux than the YSU in most of the WRF simulations by reducing errors from -11.4 to

21.1 W m−2 (α = 0.1). Overall, either YSU or LES can be chosen based on the atmospheric

properties of interest, bearing in mind that each provides unique advantages.

5.5 WRF and Global Forecasting System Initial and

Boundary Datasets

Global Forecasting System (GFS) Forecast datasets have better accuracy than the GFS

Reanalysis in predicting the meteorological properties both at surface level and higher ele-

vations. Only the mine case was considered for this sensitivity test. Overall, the Forecast

datasets reduce biases with respect to Reanalysis datasets by -0.22 to 0.67 m s−1 (α=0.1),

-14.3 to 24.8◦, -13.2 to 18.6 W m−2, and -1.97 to 3.2% (α=0.1) for surface level wind speed,
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surface-level wind direction, sensible heat flux, and relative humidity, respectively. Overall,

GFS Forecast datasets are recommended. It must be noted that this recommendation is

only valid when running WRF up to 36 hours into the future. Longer run times require a

separate analysis and may suggest reanalysis datasets being preferred.

5.6 WRF and Seasonal Variations of Meteorological

Properties

Based on the findings of this study, WRF shows better agreements with observations in the

Summer season compared to the Winter season. Only the mine case is considered for this

sensitivity test. For instance, in the Winter, WRF exhibits 0.39 to 1.95 m s−1 (α=0.1) more

bias in wind velocity compared to the Summer. However, the RMSE of the wind direction is

less during the Winter (51.9◦) compared to the Summer (73.9◦) because of the higher wind

velocity as well as better accuracy of measurements. As in the Winter season snow covers

the mining facility and solar radiation is weak, the biases of heat-related properties such

as temperature and relative humidity are increased significantly compared to the Summer

season. For example, the bias of temperature is 4.73 to 7.54 ◦C (α=0.1) more in the Winter

than Summer, while the relative humidity bias is 39 to 59% (α=0.1) more in the Winter

than the Summer. However, the predictability of heat flux is improved by -4.6 to 22.4 W

m−2 (α=0.1) in the Winter compared to the Summer. Overall, WRF predicts the dynamics

and thermodynamics of ABL qualitatively well in the Winter, characterized by higher wind

speeds, increased thermal stability, and reduced turbulent heat flux.

5.7 Future Work

The limitations of this study include lack of more rigorous observations and area-distributed

measurements with larger spatial coverage. There is also a limitation of measuring temper-

ature profiles to evaluate the performance of WRF at higher elevations. Future research

should investigate seasonal variations and applications of WRF to other complex topogra-

phies to confirm the findings of this thesis. More fundamental contributions should also be

made to reduce WRF errors in such applications, particularly for the northern climate. Fu-

ture research should also account for the anthropogenic release of heat at a region to better

account for the surface energy budget toward more accurate meteorological predictions. One
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possibility is to employ WRF-Chem to model plumes of area fugitive green-house gas emis-

sions to understand meteorological implications over a complex topography with land use

alterations in area fugitive emissions. The current WRF results can also be potentially used

as boundary and initial conditions for use with high-resolution computational fluid dynamics

simulations.
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Appendix A

How to Operate the PA-5 SODAR

A.1 Turning on the SODAR

• The hardware key should be inserted in the SODAR laptop.

• The power switch of the laptop should be pressed to turn on the laptop.

• When the boot-up process is completed, a terminal window called Start Sodar is au-

tomatically opened.

• Finally after the calibration cycle the SODAR will start beeping automatically.

A.2 Setting the Date and Time

• After opening the terminal, type su -.

• Then the password should be inserted.

• At the prompt type date MMddhhmmyyyy. For example, to set date and time as July

30 2019 12 hour 39 minute, it should be written as date 073012392019.

• Finally type exit.

A.3 Changing the Averaging Time

• The Sodter program should be opened either from the bottom of the Start Sodar screen

or from the desktop.
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• Then type LIST and press the Enter key to get a list of current parameters.

• To change the averaging time type SMATIM. The parameter will appear with current

values by a message asking for a new value.

• To set the averaging time to 30 minutes type 0:30:0 and then press the Enter key.

A.4 Saving the SODAR Data on a USB Flash Memory

• After opening the terminal, type cd /usr/src/sodar and press Enter key to go to the

SODAR directory.

• Then the flash memory card should be inserted in the available USB port.

• To mount the flash memory type mk.

• To save a file, for example, the 20190730.dat file type cp 20190730.dat /mnt/usb1/20190730.dat

and then press the Enter key.

• Before unplugging the flash memory to unmount it type uk and then press the Enter

key.

• After getting the prompt back, the USB flash memory can be unplugged.

A.5 Turning off the SODAR

• The SODAR must be paused before turning off the SODAR.

• The Sodter program should be opened either from the bottom of the Start Sodar screen

or from the desktop.

• When the Start Sodter screen is popped up, type pause.

• It will ask to insert the number of minutes. For example, to pause the SODAR for 20

minutes, it should be written as 20 and then the enter key should be pressed.

• To restart the SODAR in any case type GO.

• After pausing the SODAR, the Stop computer icon should be clicked either from the

bottom of the Start Sodter screen or from the desktop to turn off the SODAR system.
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Appendix B

Spatial Distributions of Various

Atmopsheric Properties over a

Mining Facility in Summer 2018
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B.1 Summer: Horizontal Wind Velocity at 10 m

(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.1: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 0600 MST in domain 5.

124



(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.2: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 1000 MST in domain 5.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.3: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 1800 MST in domain 5.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.4: Effect of topography and land use changes on 10-m horizontal wind velocity
magnitude and direction at 2200 MST in domain 5.
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B.2 Summer: Surface Skin Temperature

(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.5: Effect of topography and land use changes on surface skin temperature at 0600
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.6: Effect of topography and land use changes on surface skin temperature at 1000
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.7: Effect of topography and land use changes on surface skin temperature at 1800
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.8: Effect of topography and land use changes on surface skin temperature at 2200
MST in domain 5 on May 18, 2018.
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B.3 Summer: Potential Temperature at 2 m

(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.9: Effect of topography and land use changes on 2-m potential temperature at 0600
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.10: Effect of topography and land use changes on 2-m potential temperature at
1000 MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.11: Effect of topography and land use changes on 2-m potential temperature at
1800 MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.12: Effect of topography and land use changes on 2-m potential temperature at
2200 MST in domain 5 on May 18, 2018.
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B.4 Summer: Relative Humidity at 2 m

(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.13: Effect of topography and land use changes on 2-m relative Humidity at 0600
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.14: Effect of topography and land use changes on 2-m relative Humidity at 1000
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.15: Effect of topography and land use changes on 2-m relative Humidity at 1800
MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.16: Effect of topography and land use changes on 2-m relative Humidity at 2200
MST in domain 5 on May 18, 2018.
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B.5 Summer: Sensible Vertical Turbulent Heat Flux

at 10 m

(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.17: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 0600 MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.18: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 1000 MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.19: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 1800 MST in domain 5 on May 18, 2018.
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(a) GTOPO (b) SRTM-LIDAR

(c) SRTM-LIDAR with land use (d) SRTM-LIDAR with land use and lake model

Figure B.20: Effect of topography and land use changes on 10-m sensible vertical turbulent
heat flux at 2200 MST in domain 5 on May 18, 2018.
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Appendix C

Spatial Distributions of Various

Atmospheric Properties over a

Mining Facility in Winter 2019
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C.1 Winter: Horizontal Wind Velocity at 10 m

(a) Horizontal wind velocity at 0600 MST (b) Horizontal wind Velocity at 1000 MST

(c) Horizontal wind Velocity at 1800 MST (d) Horizontal wind Velocity at 2200 MST

Figure C.1: Horizontal wind velocity and wind direction at 10 m on March 16, 2019.
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C.2 Winter: Wind Direction

(a) Wind direction at 0200 MST (b) Wind direction at 0600 MST

(c) Wind direction at 1000 MST (d) Wind direction at 1400 MST

(e) Wind direction at 1800 MST (f) Wind direction at 2200 MST

Figure C.2: Wind direction profiles based on pressure height at different locations on March
16, 2019.
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C.3 Winter: Surface Skin Temperature

(a) Surface skin temperature at 0600 MST (b) Surface skin temperature at 1000 MST

(c) Surface skin temperature at 1800 MST (d) Surface skin temperature at 2200 MST

Figure C.3: Surface skin temperature on March 16, 2019.
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C.4 Winter: Potential Temperature at 2 m

(a) Potential temperature at 0600 MST (b) Potential temperature at 1000 MST

(c) Potential temperature at 1800 MST (d) Potential temperature at 2200 MST

Figure C.4: Potential temperature at 2 mon March 16, 2019.
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C.5 Winter: Relative Humidity at 2 m

(a) Relative humidity at 0600 MST (b) Relative humidity at 1000 MST

(c) Relative humidity at 1800 MST (d) Relative humidity at 2200 MST

Figure C.5: Relative Humidity at 2 mon March 16, 2019.
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C.6 Winter: Sensible Vertical Turbulent Heat Flux at

10 m

(a) Sensible heat flux at 0600 MST (b) Sensible heat flux at 1000 MST

(c) Sensible heat flux at 1800 MST (d) Sensible heat flux at 2200 MST

Figure C.6: 10-m sensible vertical turbulent heat flux on March 16, 2019.
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Appendix D

Source Code

D.1 Code to Extract Columns of Meteorological Solu-

tion Variables from WRF

D.1.1 Surface Level Extractor

import netCDF4

import matp lo t l i b . pyplot as p l t

import datet ime as dt

import numpy as np

Output f i l e=”Mine 98/ wrfout 2019−03−16 UltrasonicAnemometer1 . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 UltrasonicAnemometer2 . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 MineTra i l e r . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 RWDISonicAnemometer1 . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 RWDISonicAnemometer2 . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 RWDISonicAnemometer3 . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 WBEACupAnemometer . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 TANAB Surface . txt ”

#Output f i l e=”Mine 98/ wrfout 2019−03−16 TANAB Surface . txt ”

# Load the NetCDF f i l e s f o r each saved time

wrfout0=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 07 00 00 ’

wrfout1=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 08 00 00 ’

wrfout2=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 09 00 00 ’

wrfout3=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 10 00 00 ’

wrfout4=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 11 00 00 ’

wrfout5=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 12 00 00 ’

wrfout6=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 13 00 00 ’

wrfout7=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 14 00 00 ’

wrfout8=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 15 00 00 ’

wrfout9=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 16 00 00 ’
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wrfout10=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 17 00 00 ’

wrfout11=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 18 00 00 ’

wrfout12=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 19 00 00 ’

wrfout13=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 20 00 00 ’

wrfout14=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 21 00 00 ’

wrfout15=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 22 00 00 ’

wrfout16=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 23 00 00 ’

wrfout17=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 00 00 00 ’

wrfout18=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 01 00 00 ’

wrfout19=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 02 00 00 ’

wrfout20=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 03 00 00 ’

wrfout21=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 04 00 00 ’

wrfout22=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 05 00 00 ’

wrfout23=’ Mine 98/ wrfprd / wrfout d05 2019−03−17 06 00 00 ’

nTimes=24

#Def ine a p o s i t i o n t o l e r a n c e that i s acceptab l e when c o l o c a t i n g the WRF and exper imenta l

instrument [ degree s ]

PosTol =0.0005 #For High h o r i z o n t a l r e s o l u t i o n

#PosTol =0.001 #For Medium h o r i z o n t a l r e s o l u t i o n

#PosTol =0.002 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#Number o f g r id e lements in the h o r i z o n t a l d i r e c t i o n s X and Y

nHor izonta lGr id =231 #For High h o r i z o n t a l r e s o l u t i o n

#nHor izonta lGr id =153 #For Medium h o r i z o n t a l r e s o l u t i o n

#nHor izonta lGr id=84 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#UofA Ul t r a son i c 1 Locat ion f o r March 2019 campaign (N Mine )

i n s t r u m e n t l a t = 57.3526

ins t rument lon = −111.8438

#UofA Ul t r a son i c 2 Locat ion f o r March 2019 campaign (W pond )

#i n s t r u m e n t l a t = 57.3452

#ins t rument lon = −111.9411

#UofA Ul t r a son i c 2 Locat ion f o r May 2018 campaign (SW pond ) moved out o f water

#i n s t r u m e n t l a t = 57.3250

#ins t rument lon = −111.9445

#SAIT Mine T r a i l e r Locat ion f o r May 2018 campaign

#i n s t r u m e n t l a t = 57.3421

#ins t rument lon = −111.8490

#RWDI Ul t r a son i c 1 Locat ion f o r May 2018 campaign (SW Mine )

#i n s t r u m e n t l a t = 57.3090

#ins t rument lon = −111.8521

#RWDI Ul t r a son i c 2 Locat ion f o r May 2018 campaign (E Pond)

#i n s t r u m e n t l a t = 57.3468

#ins t rument lon = −111.8705
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#RWDI Ul t r a son i c 3 Locat ion f o r May 2018 campaign (NW Pond)

#i n s t r u m e n t l a t = 57.3684

#ins t rument lon = −111.9552

#AIR Monitoring Stat i on Locat ion f o r May 2018 campaign (Wood Buf fa l o Environmental

As soc i a t i on )

#i n s t r u m e n t l a t = 57.3037

#ins t rument lon = −111.7395

nc0 = netCDF4 . Dataset ( wrfout0 )

nc0 . v a r i a b l e s . keys ( )

#Print the l i s t o f a v a i l a b l e v a r i a b l e s in the net CDF f i l e , do not repeat t h i s command

print ( nc0 . v a r i a b l e s . keys ( ) )

nc1 = netCDF4 . Dataset ( wrfout1 )

nc1 . v a r i a b l e s . keys ( )

nc2 = netCDF4 . Dataset ( wrfout2 )

nc2 . v a r i a b l e s . keys ( )

nc3 = netCDF4 . Dataset ( wrfout3 )

nc3 . v a r i a b l e s . keys ( )

nc4 = netCDF4 . Dataset ( wrfout4 )

nc4 . v a r i a b l e s . keys ( )

nc5 = netCDF4 . Dataset ( wrfout5 )

nc5 . v a r i a b l e s . keys ( )

nc6 = netCDF4 . Dataset ( wrfout6 )

nc6 . v a r i a b l e s . keys ( )

nc7 = netCDF4 . Dataset ( wrfout7 )

nc7 . v a r i a b l e s . keys ( )

nc8 = netCDF4 . Dataset ( wrfout8 )

nc8 . v a r i a b l e s . keys ( )

nc9 = netCDF4 . Dataset ( wrfout9 )

nc9 . v a r i a b l e s . keys ( )

nc10 = netCDF4 . Dataset ( wrfout10 )

nc10 . v a r i a b l e s . keys ( )

nc11 = netCDF4 . Dataset ( wrfout11 )

nc11 . v a r i a b l e s . keys ( )

nc12 = netCDF4 . Dataset ( wrfout12 )

nc12 . v a r i a b l e s . keys ( )

nc13 = netCDF4 . Dataset ( wrfout13 )
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nc13 . v a r i a b l e s . keys ( )

nc14 = netCDF4 . Dataset ( wrfout14 )

nc14 . v a r i a b l e s . keys ( )

nc15 = netCDF4 . Dataset ( wrfout15 )

nc15 . v a r i a b l e s . keys ( )

nc16 = netCDF4 . Dataset ( wrfout16 )

nc16 . v a r i a b l e s . keys ( )

nc17 = netCDF4 . Dataset ( wrfout17 )

nc17 . v a r i a b l e s . keys ( )

nc18 = netCDF4 . Dataset ( wrfout18 )

nc18 . v a r i a b l e s . keys ( )

nc19 = netCDF4 . Dataset ( wrfout19 )

nc19 . v a r i a b l e s . keys ( )

nc20 = netCDF4 . Dataset ( wrfout20 )

nc20 . v a r i a b l e s . keys ( )

nc21 = netCDF4 . Dataset ( wrfout21 )

nc21 . v a r i a b l e s . keys ( )

nc22 = netCDF4 . Dataset ( wrfout22 )

nc22 . v a r i a b l e s . keys ( )

nc23 = netCDF4 . Dataset ( wrfout23 )

nc23 . v a r i a b l e s . keys ( )

#l a t and long o f obse rvat i on l o c a t i o n (SODAR) they are the same f o r a l l hours , do not

r e d e f i n e

l a t = nc0 . v a r i a b l e s [ ’XLAT’ ] [ : ]

lon = nc0 . v a r i a b l e s [ ’XLONG’ ] [ : ]

#Find the model l a t and long c l o s e s t to the obse rvat i on l o c a t i o n and t h e i r index

i n d x l a t = [ ]

i ndx lon = [ ]

for i in range (0 , len ( l a t [ 0 ] [ 0 , : ] ) ) :

i n d x l a t . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( l a t [ 0 ] [ i , x]− i n s t r u m e n t l a t ) <

PosTol ] )

i ndx lon . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( lon [ 0 ] [ i , x]− i n s t rument lon ) <

PosTol ] )

row = [ ]

c o l = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i n d x l a t [ i ] != [ ] :

row . append ( i )

c o l . append ( i n d x l a t [ i ] )
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row lon = [ ]

c o l l o n = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i ndx lon [ i ] != [ ] :

row lon . append ( i )

c o l l o n . append ( indx lon [ i ] )

#Def ine wind speed at 10 m f o r nTimes

SMean 10=np . z e r o s ( ( nTimes , 1 ) )

#Def ine U component o f wind speed at 10 m f o r nTimes

UMean 10=np . z e r o s ( ( nTimes , 1 ) )

#Def ine V component o f wind speed at 10 m f o r nTimes

VMean 10=np . z e r o s ( ( nTimes , 1 ) )

#Def ine wind d i r e c t i o n at 10 m f o r nTimes

dMean 10=np . z e r o s ( ( nTimes , 1 ) )

#Def ine temperature at 2 m f o r nTimes

TMean 2=np . z e r o s ( ( nTimes , 1 ) )

#Def ine p o t e n t i a l temperature at 2 m f o r nTimes

PT 2=np . z e r o s ( ( nTimes , 1 ) )

#Def ine r e l a t i v e humidity at 2 m f o r nTimes

RHMean 2=np . z e r o s ( ( nTimes , 1 ) )

#Def ine s u r f a c e s e n s i b l e heat f l u x f o r nTimes

HF s=np . z e r o s ( ( nTimes , 1 ) )

#Def ine s u r f a c e l a t e n t heat f l u x f o r nTimes

LH s=np . z e r o s ( ( nTimes , 1 ) )

#Def ine bulk Richardson number f o r nTimes

RB=np . z e ro s ( ( nTimes , 1 ) )

#Def ine p lanetary boundary−l a y e r he ight number f o r nTimes

PBLH=np . z e ro s ( ( nTimes , 1 ) )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

i f j ==0:

nc=nc0

i f j ==1:

nc=nc1

i f j == 2 :

nc = nc2

i f j == 3 :

nc = nc3

i f j == 4 :
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nc = nc4

i f j == 5 :

nc = nc5

i f j == 6 :

nc = nc6

i f j == 7 :

nc = nc7

i f j == 8 :

nc = nc8

i f j == 9 :

nc = nc9

i f j == 10 :

nc = nc10

i f j == 11 :

nc = nc11

i f j == 12 :

nc = nc12

i f j == 13 :

nc = nc13

i f j == 14 :

nc = nc14

i f j == 15 :

nc = nc15

i f j == 16 :

nc = nc16

i f j == 17 :

nc = nc17

i f j == 18 :

nc = nc18

i f j == 19 :

nc = nc19

i f j == 20 :

nc = nc20

i f j == 21 :

nc = nc21

i f j == 22 :

nc = nc22

i f j == 23 :

nc = nc23

i f j == 24 :

nc = nc24

SMean 10 [ j ] = nc . v a r i a b l e s [ ’S10 MEAN ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

UMean 10 [ j ] = nc . v a r i a b l e s [ ’U10 MEAN ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

VMean 10 [ j ] = nc . v a r i a b l e s [ ’V10 MEAN ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

TMean 2 [ j ] = nc . v a r i a b l e s [ ’T02 MEAN ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

PT 2 [ j ] = nc . v a r i a b l e s [ ’TH2 ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

RHMean 2 [ j ] = nc . v a r i a b l e s [ ’RH02 MEAN ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

HF s [ j ] = nc . v a r i a b l e s [ ’HFX’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

LH s [ j ] = nc . v a r i a b l e s [ ’LH ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

RB[ j ] = nc . v a r i a b l e s [ ’BR’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]

PBLH[ j ] = nc . v a r i a b l e s [ ’PBLH ’ ] [ 0 , row [ 0 ] , c o l l o n [ 0 ] ]
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i f UMean 10 [ j ] >= 0 :

dMean 10 [ j ] = 270 − (np . arctan (VMean 10 [ j ] / UMean 10 [ j ] ) ∗ 5 7 . 3 )

else :

dMean 10 [ j ] = 90 − (np . arctan (VMean 10 [ j ] / UMean 10 [ j ] ) ∗ 5 7 . 3 )

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#Times : Local Standard Time = Mountain Standard Time (MST) \n” )

outputF i l e . wr i t e ( ”#0: time ( hr ) \ t #1:SMean 10 (m s ˆ−1) \ t #2:UMean 10 (m s ˆ−1) \ t #3:

VMean 10 (m s ˆ−1) \ t #4:dMean 10 ( deg ) \ t #5:TMean 2 (C) \ t #6:PT 2 (C) \ t #7:RHMean 2

(%) \ t #8:HF s (W mˆ−2) \ t #9:LH s (W mˆ−2) \ t #10:RB \ t #11:PBLH (m) \ t \n” )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

outputF i l e . wr i t e ( ”%.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f

\ t %.3 f \ t %.3 f \ t %.3 f \ t \n” \
% ( j , SMean 10 [ j ] , UMean 10 [ j ] , VMean 10 [ j ] , dMean 10 [ j ] , \

TMean 2 [ j ] , PT 2 [ j ] , RHMean 2 [ j ]∗100 , HF s [ j ] , LH s [ j ] , RB[ j ] ,

PBLH[ j ] ) )

D.1.2 High Level Extractor for SODAR and TANAB

import netCDF4

import matp lo t l i b . pyplot as p l t

import datet ime as dt

import numpy as np

#Output f i l e=”Mine 97/ wrfout 2018−05−30 SODAR. txt ”

Output f i l e=”Mine 97/ wrfout 2018−05−30 TANAB HigherLevel . txt ”

# Load the NetCDF f i l e s f o r each saved time

wrfout0=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 07 00 00 ’

wrfout1=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 08 00 00 ’

wrfout2=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 09 00 00 ’

wrfout3=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 10 00 00 ’

wrfout4=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 11 00 00 ’

wrfout5=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 12 00 00 ’

wrfout6=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 13 00 00 ’

wrfout7=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 14 00 00 ’

wrfout8=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 15 00 00 ’

wrfout9=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 16 00 00 ’

wrfout10=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 17 00 00 ’

wrfout11=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 18 00 00 ’

wrfout12=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 19 00 00 ’

wrfout13=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 20 00 00 ’

wrfout14=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 21 00 00 ’

wrfout15=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 22 00 00 ’

wrfout16=’ Mine 97/ wrfprd / wrfout d05 2018−05−30 23 00 00 ’

wrfout17=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 00 00 00 ’

wrfout18=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 01 00 00 ’

wrfout19=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 02 00 00 ’
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wrfout20=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 03 00 00 ’

wrfout21=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 04 00 00 ’

wrfout22=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 05 00 00 ’

wrfout23=’ Mine 97/ wrfprd / wrfout d05 2018−05−31 06 00 00 ’

#n l e v e l s i s to match the e l e v a t i o n s o f SODAR

#nLeve ls=13 #For low v e r t i c a l r e s o l u t i o n (45 Leve l s )

nLeve l s=17 #For mid v e r t i c a l r e s o l u t i o n (90 Leve l s )

#nLeve l s=20 #For high v e r t i c a l r e s o l u t i o n (120 Leve l s )

nTimes=24

#Number o f g r id e lements in the h o r i z o n t a l d i r e c t i o n s X and Y

#nHor izonta lGr id =231 #For High h o r i z o n t a l r e s o l u t i o n

nHor izonta lGr id =153 #For Medium h o r i z o n t a l r e s o l u t i o n

#nHor izonta lGr id=84 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#Def ine a p o s i t i o n t o l e r a n c e that i s acceptab l e when c o l o c a t i n g the WRF and exper imenta l

instrument [ degree s ]

#PosTol =0.0005 #For High h o r i z o n t a l r e s o l u t i o n

PosTol =0.001 #For Medium h o r i z o n t a l r e s o l u t i o n

#PosTol =0.002 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#SODAR Locat ion f o r May 2018 campaign

#i n s t r u m e n t l a t = 57.3394

#ins t rument lon = −111.9455

#UofG TANAB Locat ion f o r May 2018 campaign (May 18 and 24)

#i n s t r u m e n t l a t = 57.3237

#ins t rument lon = −111.8197

#UofG TANAB Locat ion f o r May 2018 campaign (May 30)

i n s t r u m e n t l a t = 57.3509

ins t rument lon = −111.8694

nc0 = netCDF4 . Dataset ( wrfout0 )

nc0 . v a r i a b l e s . keys ( )

#Print the l i s t o f a v a i l a b l e v a r i a b l e s in the net CDF f i l e , do not repeat t h i s command

print ( nc0 . v a r i a b l e s . keys ( ) )

nc1 = netCDF4 . Dataset ( wrfout1 )

nc1 . v a r i a b l e s . keys ( )

nc2 = netCDF4 . Dataset ( wrfout2 )

nc2 . v a r i a b l e s . keys ( )

nc3 = netCDF4 . Dataset ( wrfout3 )

nc3 . v a r i a b l e s . keys ( )

nc4 = netCDF4 . Dataset ( wrfout4 )

nc4 . v a r i a b l e s . keys ( )
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nc5 = netCDF4 . Dataset ( wrfout5 )

nc5 . v a r i a b l e s . keys ( )

nc6 = netCDF4 . Dataset ( wrfout6 )

nc6 . v a r i a b l e s . keys ( )

nc7 = netCDF4 . Dataset ( wrfout7 )

nc7 . v a r i a b l e s . keys ( )

nc8 = netCDF4 . Dataset ( wrfout8 )

nc8 . v a r i a b l e s . keys ( )

nc9 = netCDF4 . Dataset ( wrfout9 )

nc9 . v a r i a b l e s . keys ( )

nc10 = netCDF4 . Dataset ( wrfout10 )

nc10 . v a r i a b l e s . keys ( )

nc11 = netCDF4 . Dataset ( wrfout11 )

nc11 . v a r i a b l e s . keys ( )

nc12 = netCDF4 . Dataset ( wrfout12 )

nc12 . v a r i a b l e s . keys ( )

nc13 = netCDF4 . Dataset ( wrfout13 )

nc13 . v a r i a b l e s . keys ( )

nc14 = netCDF4 . Dataset ( wrfout14 )

nc14 . v a r i a b l e s . keys ( )

nc15 = netCDF4 . Dataset ( wrfout15 )

nc15 . v a r i a b l e s . keys ( )

nc16 = netCDF4 . Dataset ( wrfout16 )

nc16 . v a r i a b l e s . keys ( )

nc17 = netCDF4 . Dataset ( wrfout17 )

nc17 . v a r i a b l e s . keys ( )

nc18 = netCDF4 . Dataset ( wrfout18 )

nc18 . v a r i a b l e s . keys ( )

nc19 = netCDF4 . Dataset ( wrfout19 )

nc19 . v a r i a b l e s . keys ( )

nc20 = netCDF4 . Dataset ( wrfout20 )

nc20 . v a r i a b l e s . keys ( )

nc21 = netCDF4 . Dataset ( wrfout21 )

nc21 . v a r i a b l e s . keys ( )

nc22 = netCDF4 . Dataset ( wrfout22 )
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nc22 . v a r i a b l e s . keys ( )

nc23 = netCDF4 . Dataset ( wrfout23 )

nc23 . v a r i a b l e s . keys ( )

#l a t and long o f obse rvat i on l o c a t i o n (SODAR) they are the same f o r a l l hours , do not

r e d e f i n e

l a t = nc0 . v a r i a b l e s [ ’XLAT’ ] [ : ]

lon = nc0 . v a r i a b l e s [ ’XLONG’ ] [ : ]

#Find the model l a t and long c l o s e s t to the obse rvat i on l o c a t i o n and t h e i r index

i n d x l a t = [ ]

i ndx lon = [ ]

for i in range (0 , len ( l a t [ 0 ] [ 0 , : ] ) ) :

i n d x l a t . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( l a t [ 0 ] [ i , x]− i n s t r u m e n t l a t ) <

PosTol ] )

i ndx lon . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( lon [ 0 ] [ i , x]− i n s t rument lon ) <

PosTol ] )

row = [ ]

c o l = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i n d x l a t [ i ] != [ ] :

row . append ( i )

c o l . append ( i n d x l a t [ i ] )

row lon = [ ]

c o l l o n = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i ndx lon [ i ] != [ ] :

row lon . append ( i )

c o l l o n . append ( indx lon [ i ] )

#Def ine p r e s su r e f o r nLeve l s ( rows ) and nTimes ( column ) , i . e . Pr=ze ro s ( ( rows , columns ) )

Pr=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine a l t i t u d e f o r nLeve l s ( rows ) and nTimes ( column )

Z=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine U component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

U=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine V component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

V=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine S component o f v e l o c i t y f o r nLeve ls ( rows ) and nTimes ( column )

S=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine W component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

W=np . z e ro s ( ( nLevels , nTimes ) )

#Def ine pe r turbat i on p o t e n t i a l temperature f o r nLeve ls ( rows ) and nTimes ( column )

#This i s d ev i a t i on from some average or r e f e r e n c e p o t e n t i a l temperature

PPT=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine d or wind d i r e c t i o n f o r nLeve ls ( rows ) and nTimes ( column )

d=np . z e r o s ( ( nLevels , nTimes ) )

#Elevat ion loop i : from 0 to nLeve l s
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for i in range (0 , nLeve l s ) :

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

i f j ==0:

nc=nc0

i f j ==1:

nc=nc1

i f j == 2 :

nc = nc2

i f j == 3 :

nc = nc3

i f j == 4 :

nc = nc4

i f j == 5 :

nc = nc5

i f j == 6 :

nc = nc6

i f j == 7 :

nc = nc7

i f j == 8 :

nc = nc8

i f j == 9 :

nc = nc9

i f j == 10 :

nc = nc10

i f j == 11 :

nc = nc11

i f j == 12 :

nc = nc12

i f j == 13 :

nc = nc13

i f j == 14 :

nc = nc14

i f j == 15 :

nc = nc15

i f j == 16 :

nc = nc16

i f j == 17 :

nc = nc17

i f j == 18 :

nc = nc18

i f j == 19 :

nc = nc19

i f j == 20 :

nc = nc20

i f j == 21 :

nc = nc21

i f j == 22 :

nc = nc22

i f j == 23 :

nc = nc23
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#Calcu la te p r e s su r e and a l t i t u d e f o r the cur rent l e v e l and time

Pr [ i ] [ j ]= nc . v a r i a b l e s [ ’P HYD ’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ]

Z [ i ] [ j ] = 0.3048 ∗ (1 − ( Pr [ i ] [ j ] / Pr [ 0 ] [ j ] ) ∗∗ 0 .190284) ∗ 145366.45

U[ i ] [ j ] = nc . v a r i a b l e s [ ’U ’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ]

V[ i ] [ j ] = nc . v a r i a b l e s [ ’V ’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ]

W[ i ] [ j ] = nc . v a r i a b l e s [ ’W’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ]

S [ i ] [ j ] = np . s q r t ( (U[ i ] [ j ] ∗∗ 2) + (V[ i ] [ j ] ∗∗ 2) )

#PT[ i ] [ j ] = ( nc . v a r i a b l e s [ ’T ’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ] + 2 7 3 . 1 5 ) ∗( Pr [ 0 ] [ j ] / Pr [ i ] [ j

] ) ∗∗0.286

PPT[ i ] [ j ] = ( nc . v a r i a b l e s [ ’T ’ ] [ 0 , i , row [ 0 ] , c o l l o n [ 0 ] ] )

i f U[ i ] [ j ] >= 0 :

d [ i ] [ j ] = 270 − (np . arctan (V[ i ] [ j ] / U[ i ] [ j ] ) ∗ 57 . 3 )

else :

d [ i ] [ j ] = 90 − (np . arctan (V[ i ] [ j ] / U[ i ] [ j ] ) ∗ 5 7 . 3 )

#Economized way to wr i t e r e s u l t s in t ext f i l e s g iven nLeve l s and nTimes

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#Times : Local Standard Time = Mountain Standard Time (MST) \n” )

outputF i l e . wr i t e ( ”#0:Time ( hr ) \ t #1: Al t i tude (m) \ t #2:U (m s ˆ−1) \ t #3:V (m s ˆ−1) \ t #4:S

(m s ˆ−1) \ t #5:W (m s ˆ−1) \ t #6. Wind Di r e c t i on ( degree ) \ t #7.Pr (Pa) \ t #8.Pert PT (K

) \ t \n” )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

outputF i l e . wr i t e ( ”%.0 f \ t %.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.0 f \ t %.3 f \ t

%.3 f \ t \n” \
% ( j , Z [ i ] [ j ] , U[ i ] [ j ] , V[ i ] [ j ] , S [ i ] [ j ] , W[ i ] [ j ] , d [ i ] [ j ] , Pr [ i ] [ j

] , PPT[ i ] [ j ] ) )

D.1.3 Surface Level Extractor for Contour Plots

# Code to e x t r a c t s u r f a c e temperatures from WRF at a s i n g l e hour f o r a s i n g l e domain

import netCDF4

import matp lo t l i b . pyplot as p l t

import datet ime as dt

import numpy as np

# Load the NetCDF f i l e s f o r each saved time

wrfout=’ Mine 98/ wrfprd / wrfout d05 2019−03−16 09 00 00 ’

#wrfout =’Mine 98/ wrfprd / wrfout d05 2019−03−16 13 00 00 ’

#wrfout =’Mine 98/ wrfprd / wrfout d05 2019−03−16 17 00 00 ’

#wrfout =’Mine 98/ wrfprd / wrfout d05 2019−03−16 21 00 00 ’

#wrfout =’Mine 98/ wrfprd / wrfout d05 2019−03−17 01 00 00 ’

#wrfout =’Mine 98/ wrfprd / wrfout d05 2019−03−17 05 00 00 ’

# Designate output f i l e name and l o c a t i o n
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Output f i l e=”Mine 98/ wrfout d05 2019−03−16 02 00 00 . txt ”

#Output f i l e=”Mine 98/ wrfout d05 2019−03−16 06 00 00 . txt ”

#Output f i l e=”Mine 98/ wrfout d05 2019−03−16 10 00 00 . txt ”

#Output f i l e=”Mine 98/ wrfout d05 2019−03−16 14 00 00 . txt ”

#Output f i l e=”Mine 98/ wrfout d05 2019−03−16 18 00 00 . txt ”

#Output f i l e=”Mine 98/ wrfout d05 2019−03−16 22 00 00 . txt ”

nc = netCDF4 . Dataset ( wrfout )

nc . v a r i a b l e s . keys ( )

#Print the l i s t o f a v a i l a b l e v a r i a b l e s in the net CDF f i l e , do not repeat t h i s command

print ( nc . v a r i a b l e s . keys ( ) )

#Read WRF XLAT and XLONG

l a t = nc . v a r i a b l e s [ ’XLAT’ ] [ : ]

lon = nc . v a r i a b l e s [ ’XLONG’ ] [ : ]

#Read WRF Skin Sur face Temperature , Po t en t i a l Temperature at 2m, and Wind Speed at 10m

Height = nc . v a r i a b l e s [ ’HGT’ ] [ : ]

Land = nc . v a r i a b l e s [ ’LU INDEX ’ ] [ : ]

Temperature = nc . v a r i a b l e s [ ’TH2 ’ ] [ : ]

Ve l oc i ty=nc . v a r i a b l e s [ ’S10 MEAN ’ ] [ : ]

SkinTemp=nc . v a r i a b l e s [ ’TSK ’ ] [ : ]

U10=nc . v a r i a b l e s [ ’U10 MEAN ’ ] [ : ]

V10=nc . v a r i a b l e s [ ’V10 MEAN ’ ] [ : ]

RH2=nc . v a r i a b l e s [ ’RH02 MEAN ’ ] [ : ] ∗ 1 0 0

HFX=nc . v a r i a b l e s [ ’HFX’ ] [ : ]

print ( ’ l en ( l a t [ 0 ] [ 0 , : ] )=’ , len ( l a t [ 0 , : ] [ 0 ] ) )

print ( ’ l en ( lon [ 0 , : ] [ 0 ] )=’ , len ( lon [ 0 ] [ 0 , : ] ) )

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#0: i \ t #1: j \ t #2: lon [ 0 ] [ i ] [ j ] ( deg ) \ t #3: l a t [ 0 ] [ i ] [ j ] ( deg ) \ t ”

”#4: Height [ 0 ] [ i ] [ j ] (m) \ t #5:Land Use Index \ t #6: Po t en t i a l Temperature (K

) \ t ”

”#7: Ve loc i ty (m s ˆ−1) \ t #8: Skin Temp (K) \ t #9:U10 (m s ˆ−1) \ t #10:V10 (m

s ˆ−1) ”

”#11:RH (%) \ t #12:HFX (W mˆ−2)\n” )

#F i r s t loop over l a t i t u d e s

for j in range (0 , len ( l a t [ 0 , : ] [ 0 ] ) ) :

#Second loop over l o n g i t u d e s

for i in range (0 , len ( lon [ 0 ] [ 0 , : ] ) ) :

print ( ’ i , j , lon [ 0 ] [ i ] [ j ] , l a t [ 0 ] [ i ] [ j ] , Temperature [ 0 ] [ i ] [ j ] ’ , j , i , lon [ 0 ] [ i ] [ j ] , l a t [ 0 ] [ i

] [ j ] , Height [ 0 ] [ i ] [ j ] )

outputF i l e . wr i t e (

”%.0 f \ t %.0 f \ t %.8 f \ t %.8 f \ t %.0 f \ t %.0 f \ t %.2 f \ t %.2 f \ t %.2 f \ t %.2 f \ t

%.2 f \ t %.2 f \ t %.2 f \n” \
% ( j , i , lon [ 0 ] [ i ] [ j ] , l a t [ 0 ] [ i ] [ j ] , Height [ 0 ] [ i ] [ j ] , Land [ 0 ] [ i ] [ j ] , Temperature [ 0 ] [ i

] [ j ] , Ve l oc i ty [ 0 ] [ i ] [ j ] ,

SkinTemp [ 0 ] [ i ] [ j ] , U10 [ 0 ] [ i ] [ j ] , V10 [ 0 ] [ i ] [ j ] ,RH2 [ 0 ] [ i ] [ j ] ,HFX[ 0 ] [ i ] [ j ] ) )
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D.1.4 High Level Extractor for Profile Plots

#Extract p r o f i l e s o f p o t e n t i a l temperature and wind speed f o r p r o f i l e a n a l y s i s

import netCDF4

import matp lo t l i b . pyplot as p l t

import datet ime as dt

import numpy as np

Output f i l e=”Mine 68/ wrfout 2018−05−18 F o r e s t P r o f i l e . txt ”

#Output f i l e=”Mine 68/ wrfout 2018−05−18 PondPro f i l e . txt ”

#Output f i l e=”Mine 68/ wrfout 2018−05−18 B a r r e n P r o f i l e . txt ”

#Output f i l e=”Mine 68/ wrfout 2018−05−18 MinePro f i l e . txt ”

# Load the NetCDF f i l e s f o r each saved time

wrfout2=’ Mine 68/ wrfprd / wrfout d05 2018−05−18 09 00 00 ’

wrfout6=’ Mine 68/ wrfprd / wrfout d05 2018−05−18 13 00 00 ’

wrfout10=’ Mine 68/ wrfprd / wrfout d05 2018−05−18 17 00 00 ’

wrfout14=’ Mine 68/ wrfprd / wrfout d05 2018−05−18 21 00 00 ’

wrfout18=’ Mine 68/ wrfprd / wrfout d05 2018−05−19 01 00 00 ’

wrfout22=’ Mine 68/ wrfprd / wrfout d05 2018−05−19 05 00 00 ’

#n l e v e l s i s to match the e l e v a t i o n s o f SODAR

#nLeve ls=13 #For medium v e r t i c a l r e s o l u t i o n (45 Leve l s )

nLeve l s=17 #For high v e r t i c a l r e s o l u t i o n (90 Leve l s )

nTimes=6

#Number o f g r id e lements in the h o r i z o n t a l d i r e c t i o n s X and Y

nHor izonta lGr id =153 #For Medium h o r i z o n t a l r e s o l u t i o n

#nHor izonta lGr id=84 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#Def ine a p o s i t i o n t o l e r a n c e that i s acceptab l e when c o l o c a t i n g the WRF and exper imenta l

instrument [ degree s ]

PosTol =0.001 #For Medium h o r i z o n t a l r e s o l u t i o n

#PosTol =0.002 #For low h o r i z o n t a l r e s o l u t i o n ( coa r s e g r id )

#Forest Locat ion f o r May 2018 campaign

p r o f i l e l a t = 57.3678

p r o f i l e l o n = −111.8311

#Pond Locat ion f o r May 2018 campaign

#p r o f i l e l a t = 57.3408

#p r o f i l e l o n = −111.9085

#Barren Locat ion f o r May 2018 campaign

#p r o f i l e l a t = 57.3419

#p r o f i l e l o n = −111.8600

#Mine Locat ion f o r May 2018 campaign

#p r o f i l e l a t = 57.3265

#p r o f i l e l o n = −111.8234
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nc0 = netCDF4 . Dataset ( wrfout2 )

nc0 . v a r i a b l e s . keys ( )

#Print the l i s t o f a v a i l a b l e v a r i a b l e s in the net CDF f i l e , do not repeat t h i s command

print ( nc0 . v a r i a b l e s . keys ( ) )

nc1 = netCDF4 . Dataset ( wrfout6 )

nc1 . v a r i a b l e s . keys ( )

nc2 = netCDF4 . Dataset ( wrfout10 )

nc2 . v a r i a b l e s . keys ( )

nc3 = netCDF4 . Dataset ( wrfout14 )

nc3 . v a r i a b l e s . keys ( )

nc4 = netCDF4 . Dataset ( wrfout18 )

nc4 . v a r i a b l e s . keys ( )

nc5 = netCDF4 . Dataset ( wrfout22 )

nc5 . v a r i a b l e s . keys ( )

#l a t and long o f obse rvat i on l o c a t i o n (SODAR) they are the same f o r a l l hours , do not

r e d e f i n e

l a t = nc0 . v a r i a b l e s [ ’XLAT’ ] [ : ]

lon = nc0 . v a r i a b l e s [ ’XLONG’ ] [ : ]

#Find the model l a t and long c l o s e s t to the l o c a t i o n s p e c i f i e d above and t h e i r index

i n d x l a t = [ ]

i ndx lon = [ ]

for i in range (0 , len ( l a t [ 0 ] [ 0 , : ] ) ) :

i n d x l a t . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( l a t [ 0 ] [ i , x]− p r o f i l e l a t ) <

PosTol ] )

i ndx lon . append ( [ x for x in range ( len ( l a t [ 0 ] [ i , : ] ) ) i f abs ( lon [ 0 ] [ i , x]− p r o f i l e l o n ) <

PosTol ] )

row = [ ]

c o l = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i n d x l a t [ i ] != [ ] :

row . append ( i )

c o l . append ( i n d x l a t [ i ] )

row lon = [ ]

c o l l o n = [ ]

for i in range (0 , nHor izonta lGr id ) :

i f i ndx lon [ i ] != [ ] :

row lon . append ( i )

c o l l o n . append ( indx lon [ i ] )

#Def ine p r e s su r e f o r nLeve l s ( rows ) and nTimes ( column ) , i . e . Pr=ze ro s ( ( rows , columns ) )

Pr=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine a l t i t u d e f o r nLeve l s ( rows ) and nTimes ( column )
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Z=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine U component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

U=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine V component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

V=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine S component o f v e l o c i t y f o r nLeve ls ( rows ) and nTimes ( column )

S=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine W component o f v e l o c i t y f o r nLeve l s ( rows ) and nTimes ( column )

W=np . z e ro s ( ( nLevels , nTimes ) )

#Def ine pe r turbat i on p o t e n t i a l temperature f o r nLeve ls ( rows ) and nTimes ( column )

#This i s d ev i a t i on from some average or r e f e r e n c e p o t e n t i a l temperature

PPT=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine p o t e n t i a l temperature at 2m a l t i t u d e

PT 2=np . z e r o s ( ( nTimes , 1 ) )

#Def ine p o t e n t i a l temperature p r o f i l e

PT=np . z e r o s ( ( nLevels , nTimes ) )

#Def ine d or wind d i r e c t i o n f o r nLeve ls ( rows ) and nTimes ( column )

d=np . z e r o s ( ( nLevels , nTimes ) )

#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

i f j == 0 :

nc = nc0

i f j == 1 :

nc = nc1

i f j == 2 :

nc = nc2

i f j == 3 :

nc = nc3

i f j == 4 :

nc = nc4

i f j == 5 :

nc = nc5

#Calcu la te p r e s su r e and a l t i t u d e f o r the cur rent l e v e l and time

Pr [ i ] [ j ]= nc . v a r i a b l e s [ ’P HYD ’ ] [ 0 , i , row [ 1 ] , c o l l o n [ 0 ] ]

Z [ i ] [ j ] = 0.3048 ∗ (1 − ( Pr [ i ] [ j ] / Pr [ 0 ] [ j ] ) ∗∗ 0 .190284) ∗ 145366.45

U[ i ] [ j ] = nc . v a r i a b l e s [ ’U ’ ] [ 0 , i , row [ 1 ] , c o l l o n [ 0 ] ]

V[ i ] [ j ] = nc . v a r i a b l e s [ ’V ’ ] [ 0 , i , row [ 1 ] , c o l l o n [ 0 ] ]

W[ i ] [ j ] = nc . v a r i a b l e s [ ’W’ ] [ 0 , i , row [ 1 ] , c o l l o n [ 0 ] ]

S [ i ] [ j ] = np . s q r t ( (U[ i ] [ j ] ∗∗ 2) + (V[ i ] [ j ] ∗∗ 2) )

PT 2 [ j ] = nc . v a r i a b l e s [ ’TH2 ’ ] [ 0 , row [ 1 ] , c o l l o n [ 0 ] ]

PPT[ i ] [ j ] = ( nc . v a r i a b l e s [ ’T ’ ] [ 0 , i , row [ 1 ] , c o l l o n [ 0 ] ] )

#Add p o t e n t i a l temperature at 2m to per turbat i on p o t e n t i a l temperature f o r t o t a l

p o t e n t i a l temperature

PT[ i ] [ j ] = PT 2 [ j ]+PPT[ i ] [ j ]

i f U[ i ] [ j ] >= 0 :

d [ i ] [ j ] = 270 − (np . arctan (V[ i ] [ j ] / U[ i ] [ j ] ) ∗ 57 . 3 )

else :
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d [ i ] [ j ] = 90 − (np . arctan (V[ i ] [ j ] / U[ i ] [ j ] ) ∗ 5 7 . 3 )

#Economized way to wr i t e r e s u l t s in t ext f i l e s g iven nLeve l s and nTimes

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#Times : Local Standard Time = Mountain Standard Time (MST) \n” )

outputF i l e . wr i t e ( ”#0:Time ( hr ) \ t #1: Al t i tude (m) \ t #2:U (m s ˆ−1) \ t #3:V (m s ˆ−1) \ t #4:S

(m s ˆ−1) \ t #5:W (m s ˆ−1) \ t #6:Wind Di r e c t i on ( degree ) \ t #7:Pr (Pa) \ t #8:Pert PT (K)

\ t #9:PT (K) \n” )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

outputF i l e . wr i t e ( ”%.0 f \ t %.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.0 f \ t %.3 f \ t

%.3 f \ t %.3 f \n” \
% ((24/ nTimes ) ∗ j +24/nTimes /2 , Z [ i ] [ j ] , U[ i ] [ j ] , V[ i ] [ j ] , S [ i ] [ j ] , W

[ i ] [ j ] , d [ i ] [ j ] , Pr [ i ] [ j ] , PPT[ i ] [ j ] , PT[ i ] [ j ] ) )

D.2 Code to Perform Statistical Analysis Between Ob-

servations and WRF

D.2.1 WRF Compare to SODAR for Percentile Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine magnetic d e c l a r a t i o n f o r northern Alberta

#I f you rerun t h i s code add t h i s to the exper imenta l wind d i r e c t i o n

#Magnetic North i s to the ea s t o f t rue North

phiMagDec=14

#Def ine output f i l ename a s s o c i a t e d with WRF/SODAR comparison

Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with SODAR measurements on May 18 , 24 , 30

InputSODARfile1=” Instruments /SODAR20180518 . txt ”

InputSODARfile2=” Instruments /SODAR20180524 . txt ”

InputSODARfile3=” Instruments /SODAR20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 SODAR. txt ”

InputWRFfile2=”Mine 96/ wrfout 2018−05−24 SODAR. txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 SODAR. txt ”

#Input c a l i b r a t i o n equat ion f i l e

InputCa l ib ra t i on=” S t a t i s t i c a l A n a l y s i s /WRFSODARCalibration . txt ”
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#Def ine number o f a l t i t u d e s and time windows f o r comparison

#Note : i t i s p o s s i b l e to con s id e r fewer l e v e l s f o r comparison given the unce r ta in ty o f SODAR

data at high a l t i t u d e

#nLeve l s = 4 works very we l l

#We are choos ing 12 l e v e l s f o r a l l v e r t i c a l g r i d r e s o l u t i o n s

nLeve l s = 4

nTimes = 6

#Must ensure the re i s exac t l y the same number o f ob s e rva t i on s and model in each a l t i t u d e

range

#For 45 and 90 l e v e l s : use t h i s

SODARLevel=[100 , 200 , 300 , 400 , 600 , 900 , 1100 , 1400 , 1600 , 1900 , 2300 , 2700 ]

WRFLowLevel=[55 , 150 , 250 , 400 , 600 , 840 , 1100 , 1350 , 1550 , 1760 , 2250 , 2700 ]

WRFHighLevel=[75 , 180 , 295 , 450 , 650 , 900 , 1190 , 1430 , 1650 , 1940 , 2350 , 2880 ]

TimeWindowLow=[0 , 4 , 8 , 12 , 16 , 20 ]

TimeWindowHigh=[3 , 7 , 11 , 15 , 19 , 23 ]

#Read the SODAR data f i l e s

InputSODARdata1 = np . l oadtx t ( InputSODARfile1 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR1=InputSODARdata1 [ : , 0 ]

alSODAR1=InputSODARdata1 [ : , 1 ]

sSODAR1=InputSODARdata1 [ : , 2 ]

wSODAR1=InputSODARdata1 [ : , 3 ]

#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR1=InputSODARdata1 [ : , 4 ]

InputSODARdata2 = np . l oadtx t ( InputSODARfile2 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR2=InputSODARdata2 [ : , 0 ]

alSODAR2=InputSODARdata2 [ : , 1 ]

sSODAR2=InputSODARdata2 [ : , 2 ]

wSODAR2=InputSODARdata2 [ : , 3 ]

#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR2=InputSODARdata2 [ : , 4 ]

InputSODARdata3 = np . l oadtx t ( InputSODARfile3 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR3=InputSODARdata3 [ : , 0 ]

alSODAR3=InputSODARdata3 [ : , 1 ]

sSODAR3=InputSODARdata3 [ : , 2 ]

wSODAR3=InputSODARdata3 [ : , 3 ]

#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR3=InputSODARdata3 [ : , 4 ]

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF1=InputWRFdata1 [ : , 0 ]

alWRF1=InputWRFdata1 [ : , 1 ]

sWRF1=InputWRFdata1 [ : , 2 ]

wWRF1=InputWRFdata1 [ : , 3 ]

dWRF1=InputWRFdata1 [ : , 4 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF2=InputWRFdata2 [ : , 0 ]
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alWRF2=InputWRFdata2 [ : , 1 ]

sWRF2=InputWRFdata2 [ : , 2 ]

wWRF2=InputWRFdata2 [ : , 3 ]

dWRF2=InputWRFdata2 [ : , 4 ]

InputWRFdata3 = np . l oadtx t ( InputWRFfile3 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF3=InputWRFdata3 [ : , 0 ]

alWRF3=InputWRFdata3 [ : , 1 ]

sWRF3=InputWRFdata3 [ : , 2 ]

wWRF3=InputWRFdata3 [ : , 3 ]

dWRF3=InputWRFdata3 [ : , 4 ]

InputCa l ib ra t i ondata=np . l oadtx t ( InputCa l ibrat ion , u s e c o l s = [2 , 3 ] )

a=InputCa l ib ra t i ondata [ : , 0 ]

b=InputCa l ib ra t i ondata [ : , 1 ]

########################################################################################

#we need 2D matr i ce s with nLevel and nTime (6) f o r the f o l l o w i n g v a r i a b l e s

#S SODAR, S STD SODAR, S WRF, S STD WRF, FB S SODAR−WRF, NMSE S SODAR−WRF

#W SODAR, W STD SODAR, W WRF, W STD WRF, FB W SODAR−WRF, NMSE W SODAR−WRF

#de l t a phi SODAR−WRF, median or average o f d e l t a phi SODAR−WRF, i f average STD de l t a phi

SODAR−WRF

S50SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

S25SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

S75SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

S50WRF=np . z e ro s ( ( nTimes , nLeve l s ) )

S25WRF=np . z e ro s ( ( nTimes , nLeve l s ) )

S75WRF=np . z e ro s ( ( nTimes , nLeve l s ) )

SFBSODARWRF=np . z e ro s ( ( nTimes , nLeve ls ) )

SNMSESODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

SBSODARWRF=np . z e ro s ( ( nTimes , nLeve ls ) )

W50SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

W25SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

W75SODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

W50WRF=np . z e ro s ( ( nTimes , nLeve ls ) )

W25WRF=np . z e ro s ( ( nTimes , nLeve ls ) )

W75WRF=np . z e ro s ( ( nTimes , nLeve ls ) )

WFBSODARWRF=np . z e ro s ( ( nTimes , nLeve ls ) )

WNMSESODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

WBSODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

DSODAR=np . z e r o s ( ( nTimes , nLeve l s ) )

DWRF=np . z e ro s ( ( nTimes , nLeve ls ) )

deltaPhi50SODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

deltaPhi25SODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

deltaPhi75SODARWRF=np . z e ro s ( ( nTimes , nLeve l s ) )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :
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#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

#Extract index f o r the cur rent l e v e l and time from SODAR data f o r a l l th ree

days

IndexSODAR1=[x for x in range (0 , len (alSODAR1) ) i f (alSODAR1 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR1 [ x]<=TimeWindowHigh [ j ] ) ]

IndexSODAR2=[x for x in range (0 , len (alSODAR2) ) i f (alSODAR2 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR2 [ x]<=TimeWindowHigh [ j ] ) ]

IndexSODAR3=[x for x in range (0 , len (alSODAR3) ) i f (alSODAR3 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR3 [ x]<=TimeWindowHigh [ j ] ) ]

IndexWRF1 = [ x for x in range (0 , len (alWRF1) ) i f (WRFLowLevel [ i ] <= alWRF1 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF1 [ x ] <= TimeWindowHigh [ j

] ) ]

IndexWRF2 = [ x for x in range (0 , len (alWRF2) ) i f (WRFLowLevel [ i ] <= alWRF2 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF2 [ x ] <= TimeWindowHigh [ j

] ) ]

IndexWRF3 = [ x for x in range (0 , len (alWRF3) ) i f (WRFLowLevel [ i ] <= alWRF3 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF3 [ x ] <= TimeWindowHigh [ j

] ) ]

#Ca l cu l a t i on f o r Hor i zonta l Wind Ve loc i ty

ArraySSODAR=np . concatenate ( ( a [ i ]∗sSODAR1[ IndexSODAR1]+b [ i ] , a [ i ]∗sSODAR2[

IndexSODAR2]+b [ i ] , a [ i ]∗sSODAR3[ IndexSODAR3]+b [ i ] ) , a x i s=None )

S50SODAR[ j ] [ i ] = np . nanmedian (ArraySSODAR)

S25SODAR[ j ] [ i ] = np . n a n p e r c e n t i l e (ArraySSODAR , 25)

S75SODAR[ j ] [ i ] = np . n a n p e r c e n t i l e (ArraySSODAR , 75)

ArraySWRF=np . concatenate ( (sWRF1[ IndexWRF1 ] ,sWRF2[ IndexWRF2 ] ,sWRF3[ IndexWRF3 ] ) ,

a x i s=None )

S50WRF[ j ] [ i ] = np . nanmedian (ArraySWRF)

S25WRF[ j ] [ i ] = np . n a n p e r c e n t i l e (ArraySWRF, 25)

S75WRF[ j ] [ i ] = np . n a n p e r c e n t i l e (ArraySWRF, 75)

SFBSODARWRF[ j ] [ i ] = (np . nanmean(ArraySWRF)−np . nanmean(ArraySSODAR) ) / ( 0 . 5∗ ( np .

nanmean(ArraySWRF)+np . nanmean(ArraySSODAR) ) )

SNMSESODARWRF[ j ] [ i ] = np . abso lu t e ( ( np . nanmean(ArraySWRF−ArraySSODAR) ∗∗2) / ( ( np .

nanmean(ArraySWRF) ∗np . nanmean(ArraySSODAR) ) ) )

SBSODARWRF[ j ] [ i ] = np . nanmean(ArraySWRF) − np . nanmean(ArraySSODAR)

#Ca l cu l a t i on f o r V e r t i c a l Wind Ve loc i ty

ArrayWSODAR = np . concatenate ( (wSODAR1[ IndexSODAR1 ] , wSODAR2[ IndexSODAR2 ] ,

wSODAR3[ IndexSODAR3 ] ) , a x i s=None )

W50SODAR[ j ] [ i ] = np . nanmedian (ArrayWSODAR)

W25SODAR[ j ] [ i ] = np . n a n p e r c e n t i l e (ArrayWSODAR, 25)

W75SODAR[ j ] [ i ] = np . n a n p e r c e n t i l e (ArrayWSODAR, 75)
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ArrayWWRF = np . concatenate ( (wWRF1[ IndexWRF1 ] , wWRF2[ IndexWRF2 ] , wWRF3[

IndexWRF3 ] ) , a x i s=None )

W50WRF[ j ] [ i ] = np . nanmedian (ArrayWWRF)

W25WRF[ j ] [ i ] = np . n a n p e r c e n t i l e (ArrayWWRF, 25)

W75WRF[ j ] [ i ] = np . n a n p e r c e n t i l e (ArrayWWRF, 75)

WFBSODARWRF[ j ] [ i ] = (np . nanmean(ArrayWWRF) − np . nanmean(ArrayWSODAR) ) / ( 0 . 5 ∗
(np . nanmean(ArrayWWRF) + np . nanmean(ArrayWSODAR) ) )

WNMSESODARWRF[ j ] [ i ] = np . abso lu t e ( ( np . nanmean(ArrayWWRF − ArrayWSODAR) ∗∗ 2) /

( ( np . nanmean(ArrayWWRF) ∗ np . nanmean(ArrayWSODAR) ) ) )

WBSODARWRF[ j ] [ i ] = np . nanmean(ArrayWWRF) − np . nanmean(ArrayWSODAR)

# Ca l cu la t i on o f b i a s f o r Wind Di r e c t i on

ArrayDSODAR = np . concatenate ( (dSODAR1[ IndexSODAR1 ] , dSODAR2[ IndexSODAR2 ] ,

dSODAR3[ IndexSODAR3 ] ) , a x i s=None )

ArrayDWRF = np . concatenate ( (dWRF1[ IndexWRF1 ] , dWRF2[ IndexWRF2 ] , dWRF3[

IndexWRF3 ] ) , a x i s=None )

# Correct f o r magnetic i n c l i n a t i o n

ArrayWD10mSurfaceLevelCorrected = ArrayDSODAR + phiMagDec

for x in range (0 , len ( ArrayWD10mSurfaceLevelCorrected ) ) :

i f ArrayWD10mSurfaceLevelCorrected [ x ] >= 360 :

ArrayWD10mSurfaceLevelCorrected [ x ] = ArrayWD10mSurfaceLevelCorrected [ x

] − 360

DiffPhiSODARWRF = ArrayDWRF − ArrayWD10mSurfaceLevelCorrected

for x in range (0 , len (DiffPhiSODARWRF) ) :

i f DiffPhiSODARWRF [ x ] <= −180:

DiffPhiSODARWRF [ x ] = DiffPhiSODARWRF [ x ] + 360

i f DiffPhiSODARWRF [ x ] >= 180 :

DiffPhiSODARWRF [ x ] = DiffPhiSODARWRF [ x ] − 360

#Make sure t h i s i s computed i n s i d e the i and j loop , not i n s i d e the x loop

deltaPhi50SODARWRF [ j ] [ i ] = np . nanmedian (DiffPhiSODARWRF)

deltaPhi25SODARWRF [ j ] [ i ] = np . n a n p e r c e n t i l e (DiffPhiSODARWRF, 2 5 )

deltaPhi75SODARWRF [ j ] [ i ] = np . n a n p e r c e n t i l e (DiffPhiSODARWRF, 7 5 )

# Calcu la te the e n t i r e f r a c t i o n a l b i a s and normal ized mean square e r r o r o f S f o r a l l the

data o f h o r i z o n t a l wind speed

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f h o r i z o n t a l wind speed ’ )

print ( ’SFB=’ , ( np . nanmean(S50WRF) − np . nanmean(S50SODAR) ) / ( 0 . 5 ∗ (np . nanmean(S50WRF) + np .

nanmean(S50SODAR) ) ) )

print ( ’SNMSE=’ , np . abso lu t e ( ( np . nanmean(S50WRF − S50SODAR) ∗∗ 2) / ( ( np . nanmean(S50WRF) ∗ np

. nanmean(S50SODAR) ) ) ) )

print ( ’SB=’ ,np . nanmean(S50WRF) − np . nanmean(S50SODAR) )
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# Calcu la te the e n t i r e f r a c t i o n a l b i a s and normal ized mean square e r r o r f o r a l l the data o f

v e r t i c a l wind speed

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f v e r t i c a l wind speed ’ )

print ( ’WFB=’ , ( np . nanmean(W50WRF) − np . nanmean(W50SODAR) ) / ( 0 . 5 ∗ (np . nanmean(W50WRF) + np .

nanmean(W50SODAR) ) ) )

print ( ’WNMSE=’ ,np . abso lu t e ( ( np . nanmean(W50WRF − W50SODAR) ∗∗ 2) / ( ( np . nanmean(W50WRF) ∗ np .

nanmean(W50SODAR) ) ) ) )

print ( ’WB=’ ,np . nanmean(W50WRF) − np . nanmean(W50SODAR) )

# Calcu la te the e n t i r e b i a s f o r a l l the data o f Wind Di r e c t i on

print ( ’ Median o f Bias (B) f o r a l l the d i f f e r e n c e s o f wind d i r e c t i o n ( Degree ) ’ )

print ( ’DB50=’ , ( np . nanmean(deltaPhi50SODARWRF) ) )

#Economized way to wr i t e r e s u l t s in t ext f i l e s g iven nLeve l s and nTimes

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#Times : Local Standard Time = Mountain Standard Time (MST) \n” )

outputF i l e . wr i t e ( ”#0:TimeWindowLow ( hr ) \ t 1 : TimeWindowHigh ( hr ) \ t 2 : SodarLevel ( hr ) \ t 3 :

S50SODAR (m s ˆ−1) \ t 4 :S25SODAR (m s ˆ−1) \ t 5 :S75SODAR (m s ˆ−1) \ t 6 :S50WRF (m s ˆ−1) \ t

7 :S25WRF (m s ˆ−1) \ t 8 :S75WRF (m s ˆ−1) \ t #9:SFBSODARWRF \ t #10:SNMSESODARWRF \ t ”

” 11 :W50SODAR (m s ˆ−1) \ t 12 :W25SODAR (m s ˆ−1) \ t 13 :W75SODAR (m s ˆ−1) \ t

14 :W50WRF (m s ˆ−1) \ t 15 :W25WRF (m s ˆ−1) \ t 16 :W75WRF (m s ˆ−1) \ t #17:

WFBSODARWRF \ t #18:WNMSESODARWRF \ t #19:deltaPhi50SODARWRF (ˆ o ) \ t

#20:deltaPhi25SODARWRF (ˆ o ) \ t #21:deltaPhi75SODARWRF (ˆ o ) \ t ”

” 22 :SBSODARWRF (m s ˆ−1) \ t #23:WBSODARWRF (m s ˆ−1) \n” )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

outputF i l e . wr i t e ( ”%.0 f \ t %.0 f \ t %.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t

%.3 f \ t %.8 f \ t %.8 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.8 f \ t

%.8 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.5 f \ t %.5 f \n” \
% (TimeWindowLow [ j ] , TimeWindowHigh [ j ] , SODARLevel [ i ] ,S50SODAR[ j ] [ i

] ,S25SODAR[ j ] [ i ] ,S75SODAR[ j ] [ i ] ,S50WRF[ j ] [ i ] ,S25WRF[ j ] [ i ] ,

S75WRF[ j ] [ i ] ,SFBSODARWRF[ j ] [ i ] ,SNMSESODARWRF[ j ] [ i ] ,

W50SODAR[ j ] [ i ] , W25SODAR[ j ] [ i ] , W75SODAR[ j ] [ i ] , W50WRF[ j ] [ i ] ,

W25WRF[ j ] [ i ] , W75WRF[ j ] [ i ] , WFBSODARWRF[ j ] [ i ] , WNMSESODARWRF

[ j ] [ i ] , deltaPhi50SODARWRF [ j ] [ i ] , deltaPhi25SODARWRF [ j ] [ i ] ,

deltaPhi75SODARWRF [ j ] [ i ] ,

SBSODARWRF[ j ] [ i ] , WBSODARWRF[ j ] [ i ] ) )

D.2.2 WRF Compare to SODAR for Error Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine magnetic d e c l a r a t i o n f o r northern Alberta
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#I f you rerun t h i s code add t h i s to the exper imenta l wind d i r e c t i o n

#Magnetic North i s to the ea s t o f t rue North

phiMagDec=14

#Def ine output f i l ename a s s o c i a t e d with WRF/SODAR comparison

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with SODAR measurements on May 18 , 24 , 30

InputSODARfile1=” Instruments /SODAR20180518 . txt ”

InputSODARfile2=” Instruments /SODAR20180524 . txt ”

InputSODARfile3=” Instruments /SODAR20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 SODAR. txt ”

InputWRFfile2=”Mine 96/ wrfout 2018−05−24 SODAR. txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 SODAR. txt ”

#Input c a l i b r a t i o n equat ion f i l e

InputCa l ib ra t i on=” S t a t i s t i c a l A n a l y s i s /WRFSODARCalibration . txt ”

#Def ine number o f a l t i t u d e s and time windows f o r comparison

#Note : i t i s p o s s i b l e to con s id e r fewer l e v e l s f o r comparison given the unce r ta in ty o f SODAR

data at high a l t i t u d e

#nLeve l s = 4 works very we l l

#We are choos ing 12 l e v e l s f o r a l l v e r t i c a l g r i d r e s o l u t i o n s

nLeve l s = 4

nTimes = 6

#Must ensure the re i s exac t l y the same number o f ob s e rva t i on s and model in each a l t i t u d e

range

#For 45 and 90 l e v e l s : use t h i s

SODARLevel=[100 , 200 , 300 , 400 , 600 , 900 , 1100 , 1400 , 1600 , 1900 , 2300 , 2700 ]

WRFLowLevel=[55 , 150 , 250 , 400 , 600 , 840 , 1100 , 1350 , 1550 , 1760 , 2250 , 2700 ]

WRFHighLevel=[75 , 180 , 295 , 450 , 650 , 900 , 1190 , 1430 , 1650 , 1940 , 2350 , 2880 ]

TimeWindowLow=[0 , 4 , 8 , 12 , 16 , 20 ]

TimeWindowHigh=[3 , 7 , 11 , 15 , 19 , 23 ]

#Read the SODAR data f i l e s

InputSODARdata1 = np . l oadtx t ( InputSODARfile1 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR1=InputSODARdata1 [ : , 0 ]

alSODAR1=InputSODARdata1 [ : , 1 ]

sSODAR1=InputSODARdata1 [ : , 2 ]

wSODAR1=InputSODARdata1 [ : , 3 ]

#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR1=InputSODARdata1 [ : , 4 ]

InputSODARdata2 = np . l oadtx t ( InputSODARfile2 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR2=InputSODARdata2 [ : , 0 ]

alSODAR2=InputSODARdata2 [ : , 1 ]

sSODAR2=InputSODARdata2 [ : , 2 ]

wSODAR2=InputSODARdata2 [ : , 3 ]
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#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR2=InputSODARdata2 [ : , 4 ]

InputSODARdata3 = np . l oadtx t ( InputSODARfile3 , u s e c o l s = [0 , 1 , 2 , 3 , 4 ] )

timeSODAR3=InputSODARdata3 [ : , 0 ]

alSODAR3=InputSODARdata3 [ : , 1 ]

sSODAR3=InputSODARdata3 [ : , 2 ]

wSODAR3=InputSODARdata3 [ : , 3 ]

#I f rerun the SODAR comparison , add the magnetic d e c l i n a t i o n ang le here

dSODAR3=InputSODARdata3 [ : , 4 ]

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF1=InputWRFdata1 [ : , 0 ]

alWRF1=InputWRFdata1 [ : , 1 ]

sWRF1=InputWRFdata1 [ : , 2 ]

wWRF1=InputWRFdata1 [ : , 3 ]

dWRF1=InputWRFdata1 [ : , 4 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF2=InputWRFdata2 [ : , 0 ]

alWRF2=InputWRFdata2 [ : , 1 ]

sWRF2=InputWRFdata2 [ : , 2 ]

wWRF2=InputWRFdata2 [ : , 3 ]

dWRF2=InputWRFdata2 [ : , 4 ]

InputWRFdata3 = np . l oadtx t ( InputWRFfile3 , u s e c o l s = [0 , 1 , 4 , 5 , 6 ] )

timeWRF3=InputWRFdata3 [ : , 0 ]

alWRF3=InputWRFdata3 [ : , 1 ]

sWRF3=InputWRFdata3 [ : , 2 ]

wWRF3=InputWRFdata3 [ : , 3 ]

dWRF3=InputWRFdata3 [ : , 4 ]

InputCa l ib ra t i ondata=np . l oadtx t ( InputCa l ibrat ion , u s e c o l s = [2 , 3 ] )

a=InputCa l ib ra t i ondata [ : , 0 ]

b=InputCa l ib ra t i ondata [ : , 1 ]

########################################################################################

#we need 2D matr i ce s with nLevel and nTime (6) f o r the f o l l o w i n g v a r i a b l e s

#S SODAR, S STD SODAR, S WRF, S STD WRF, FB S SODAR−WRF, NMSE S SODAR−WRF

#W SODAR, W STD SODAR, W WRF, W STD WRF, FB W SODAR−WRF, NMSE W SODAR−WRF

SSODARLevel0=np . nan

SWRFLevel0=np . nan

WDSODARLevel0=np . nan

WDWRFLevel0=np . nan

SSODARLevel1=np . nan

SWRFLevel1=np . nan

WDSODARLevel1=np . nan
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WDWRFLevel1=np . nan

SSODARLevel2=np . nan

SWRFLevel2=np . nan

WDSODARLevel2=np . nan

WDWRFLevel2=np . nan

SSODARLevel3=np . nan

SWRFLevel3=np . nan

WDSODARLevel3=np . nan

WDWRFLevel3=np . nan

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Elevat ion loop i : from 0 to nLeve l s

for i in range (0 , nLeve l s ) :

#Extract index f o r the cur rent l e v e l and time from SODAR data f o r a l l th ree

days

IndexSODAR1=[x for x in range (0 , len (alSODAR1) ) i f (alSODAR1 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR1 [ x]<=TimeWindowHigh [ j ] ) ]

IndexSODAR2=[x for x in range (0 , len (alSODAR2) ) i f (alSODAR2 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR2 [ x]<=TimeWindowHigh [ j ] ) ]

IndexSODAR3=[x for x in range (0 , len (alSODAR3) ) i f (alSODAR3 [ x]==SODARLevel [ i ]

and TimeWindowLow [ j ]<=timeSODAR3 [ x]<=TimeWindowHigh [ j ] ) ]

IndexWRF1 = [ x for x in range (0 , len (alWRF1) ) i f (WRFLowLevel [ i ] <= alWRF1 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF1 [ x ] <= TimeWindowHigh [ j

] ) ]

IndexWRF2 = [ x for x in range (0 , len (alWRF2) ) i f (WRFLowLevel [ i ] <= alWRF2 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF2 [ x ] <= TimeWindowHigh [ j

] ) ]

IndexWRF3 = [ x for x in range (0 , len (alWRF3) ) i f (WRFLowLevel [ i ] <= alWRF3 [ x ]

<= WRFHighLevel [ i ] and TimeWindowLow [ j ] <= timeWRF3 [ x ] <= TimeWindowHigh [ j

] ) ]

#Ca l cu l a t i on f o r Hor i zonta l Wind Ve loc i ty

i f i ==0:

SSODARLevel0=np . concatenate ( ( SSODARLevel0 , a [ i ]∗sSODAR1[ IndexSODAR1]+b [ i

] , a [ i ]∗sSODAR2[ IndexSODAR2]+b [ i ] , a [ i ]∗sSODAR3[ IndexSODAR3]+b [ i ] ) ,

a x i s=None )

SWRFLevel0=np . concatenate ( ( SWRFLevel0 ,sWRF1[ IndexWRF1 ] ,sWRF2[ IndexWRF2 ] ,

sWRF3[ IndexWRF3 ] ) , a x i s=None )

WDSODARLevel0=np . concatenate ( (WDSODARLevel0 ,dSODAR1[ IndexSODAR1 ] ,dSODAR2

[ IndexSODAR2 ] ,dSODAR3[ IndexSODAR3 ] ) , a x i s=None )

WDWRFLevel0=np . concatenate ( (WDWRFLevel0,dWRF1[ IndexWRF1 ] ,dWRF2[ IndexWRF2

] ,dWRF3[ IndexWRF3 ] ) , a x i s=None )

i f i ==1:

SSODARLevel1=np . concatenate ( ( SSODARLevel1 , a [ i ]∗sSODAR1[ IndexSODAR1]+b [ i

] , a [ i ]∗sSODAR2[ IndexSODAR2]+b [ i ] , a [ i ]∗sSODAR3[ IndexSODAR3]+b [ i ] ) ,

a x i s=None )
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SWRFLevel1=np . concatenate ( ( SWRFLevel1 ,sWRF1[ IndexWRF1 ] ,sWRF2[ IndexWRF2 ] ,

sWRF3[ IndexWRF3 ] ) , a x i s=None )

WDSODARLevel1=np . concatenate ( (WDSODARLevel1 ,dSODAR1[ IndexSODAR1 ] ,

dSODAR2[ IndexSODAR2 ] , dSODAR3[ IndexSODAR3 ] ) , a x i s=None )

WDWRFLevel1 = np . concatenate ( (WDWRFLevel1,dWRF1[ IndexWRF1 ] , dWRF2[

IndexWRF2 ] , dWRF3[ IndexWRF3 ] ) , a x i s=None )

i f i ==2:

SSODARLevel2=np . concatenate ( ( SSODARLevel2 , a [ i ]∗sSODAR1[ IndexSODAR1]+b [ i

] , a [ i ]∗sSODAR2[ IndexSODAR2]+b [ i ] , a [ i ]∗sSODAR3[ IndexSODAR3]+b [ i ] ) ,

a x i s=None )

SWRFLevel2=np . concatenate ( ( SWRFLevel2 ,sWRF1[ IndexWRF1 ] ,sWRF2[ IndexWRF2 ] ,

sWRF3[ IndexWRF3 ] ) , a x i s=None )

WDSODARLevel2 = np . concatenate ( (WDSODARLevel2 ,dSODAR1[ IndexSODAR1 ] ,

dSODAR2[ IndexSODAR2 ] , dSODAR3[ IndexSODAR3 ] ) , a x i s=None )

WDWRFLevel2 = np . concatenate ( (WDWRFLevel2,dWRF1[ IndexWRF1 ] , dWRF2[

IndexWRF2 ] , dWRF3[ IndexWRF3 ] ) , a x i s=None )

i f i ==3:

SSODARLevel3=np . concatenate ( ( SSODARLevel3 , a [ i ]∗sSODAR1[ IndexSODAR1]+b [ i

] , a [ i ]∗sSODAR2[ IndexSODAR2]+b [ i ] , a [ i ]∗sSODAR3[ IndexSODAR3]+b [ i ] ) ,

a x i s=None )

SWRFLevel3=np . concatenate ( ( SWRFLevel3 ,sWRF1[ IndexWRF1 ] ,sWRF2[ IndexWRF2 ] ,

sWRF3[ IndexWRF3 ] ) , a x i s=None )

WDSODARLevel3 = np . concatenate ( (WDSODARLevel3 ,dSODAR1[ IndexSODAR1 ] ,

dSODAR2[ IndexSODAR2 ] , dSODAR3[ IndexSODAR3 ] ) , a x i s=None )

WDWRFLevel3 = np . concatenate ( (WDWRFLevel3,dWRF1[ IndexWRF1 ] , dWRF2[

IndexWRF2 ] , dWRF3[ IndexWRF3 ] ) , a x i s=None )

#Calcu la te Bias and RMSE

S10BiasLevel0 = np . nanmean(SWRFLevel0−SSODARLevel0)

S10RMSELevel0 = np . s q r t (np . nanmean ( ( SWRFLevel0−SSODARLevel0) ∗∗2) )

S10BiasLevel1 = np . nanmean(SWRFLevel1−SSODARLevel1)

S10RMSELevel1 = np . s q r t (np . nanmean ( ( SWRFLevel1−SSODARLevel1) ∗∗2) )

S10BiasLevel2 = np . nanmean(SWRFLevel2−SSODARLevel2)

S10RMSELevel2 = np . s q r t (np . nanmean ( ( SWRFLevel2−SSODARLevel2) ∗∗2) )

S10BiasLevel3 = np . nanmean(SWRFLevel3−SSODARLevel3)

S10RMSELevel3 = np . s q r t (np . nanmean ( ( SWRFLevel3−SSODARLevel3) ∗∗2) )

S10Bias=(S10BiasLevel0+S10BiasLevel1+S10BiasLevel2+S10BiasLevel3 ) /4

S10RMSE=(S10RMSELevel0+S10RMSELevel1+S10RMSELevel2+S10RMSELevel3 ) /4

#Correct f o r magnetic i n c l i n a t i o n

WDSODARLevel0 = WDSODARLevel0 + phiMagDec

for x in range (0 , len (WDSODARLevel0) ) :

i f WDSODARLevel0 [ x ] >= 360 :

WDSODARLevel0 [ x ] = WDSODARLevel0 [ x ] − 360

WDSODARLevel1 = WDSODARLevel1 + phiMagDec
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for x in range (0 , len (WDSODARLevel1) ) :

i f WDSODARLevel1 [ x ] >= 360 :

WDSODARLevel1 [ x ] = WDSODARLevel1 [ x ] − 360

WDSODARLevel2 = WDSODARLevel2 + phiMagDec

for x in range (0 , len (WDSODARLevel2) ) :

i f WDSODARLevel2 [ x ] >= 360 :

WDSODARLevel2 [ x ] = WDSODARLevel2 [ x ] − 360

WDSODARLevel3 = WDSODARLevel3 + phiMagDec

for x in range (0 , len (WDSODARLevel3) ) :

i f WDSODARLevel3 [ x ] >= 360 :

WDSODARLevel3 [ x ] = WDSODARLevel3 [ x ] − 360

#Calcu la te d i f f e r e n c e in WD

Di f fPh iLeve l0 = WDWRFLevel0 − WDSODARLevel0

for x in range (0 , len ( D i f fPh iLeve l0 ) ) :

i f Di f fPh iLeve l0 [ x ] <= −180:

D i f fPh iLeve l0 [ x ] = Di f fPh iLeve l0 [ x ] + 360

i f Di f fPh iLeve l0 [ x ] >= 180 :

D i f fPh iLeve l0 [ x ] = Di f fPh iLeve l0 [ x ] − 360

#Calcu la te Bias and RMSE

WDBiasLevel0 = np . nanmean( Di f fPh iLeve l0 )

WDRMSELevel0 = np . s q r t (np . nanmean ( ( Di f fPh iLeve l0 ) ∗∗2) )

Di f fPh iLeve l1 = WDWRFLevel1 − WDSODARLevel1

for x in range (0 , len ( D i f fPh iLeve l1 ) ) :

i f Di f fPh iLeve l1 [ x ] <= −180:

D i f fPh iLeve l1 [ x ] = Di f fPh iLeve l1 [ x ] + 360

i f Di f fPh iLeve l1 [ x ] >= 180 :

D i f fPh iLeve l1 [ x ] = Di f fPh iLeve l1 [ x ] − 360

#Calcu la te Bias and RMSE

WDBiasLevel1 = np . nanmean( Di f fPh iLeve l1 )

WDRMSELevel1 = np . s q r t (np . nanmean ( ( Di f fPh iLeve l1 ) ∗∗2) )

Di f fPh iLeve l2 = WDWRFLevel2 − WDSODARLevel2

for x in range (0 , len ( D i f fPh iLeve l2 ) ) :

i f Di f fPh iLeve l2 [ x ] <= −180:

D i f fPh iLeve l2 [ x ] = Di f fPh iLeve l2 [ x ] + 360

i f Di f fPh iLeve l2 [ x ] >= 180 :

D i f fPh iLeve l2 [ x ] = Di f fPh iLeve l2 [ x ] − 360
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#Calcu la te Bias and RMSE

WDBiasLevel2 = np . nanmean( Di f fPh iLeve l2 )

WDRMSELevel2 = np . s q r t (np . nanmean ( ( Di f fPh iLeve l2 ) ∗∗2) )

Di f fPh iLeve l3 = WDWRFLevel3 − WDSODARLevel3

for x in range (0 , len ( D i f fPh iLeve l3 ) ) :

i f Di f fPh iLeve l3 [ x ] <= −180:

D i f fPh iLeve l3 [ x ] = Di f fPh iLeve l3 [ x ] + 360

i f Di f fPh iLeve l3 [ x ] >= 180 :

D i f fPh iLeve l3 [ x ] = Di f fPh iLeve l3 [ x ] − 360

#Calcu la te Bias and RMSE

WDBiasLevel3 = np . nanmean( Di f fPh iLeve l3 )

WDRMSELevel3 = np . s q r t (np . nanmean ( ( Di f fPh iLeve l3 ) ∗∗2) )

WDBias=(WDBiasLevel0+WDBiasLevel1+WDBiasLevel2+WDBiasLevel3 ) /4

WDRMSE=(WDRMSELevel0+WDRMSELevel1+WDRMSELevel2+WDRMSELevel3) /4

#Print the e n t i r e b i a s and root mean square e r r o r o f S10m f o r a l l the data o f h o r i z o n t a l

wind speed at 10 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Hor i zonta l Wind Speed ’

)

print ( ’ S10mBias=’ , S10Bias )

print ( ’S10mRMSE=’ , S10RMSE)

#Print the e n t i r e b i a s f o r a l l the data o f Wind Di r e c t i on at 10m

print ( ’ Bias (B) and RMSE f o r a l l the d i f f e r e n c e s o f wind d i r e c t i o n ( Degree ) ’ )

print ( ’WD10m50Bias=’ ,WDBias)

print ( ’WD10m50RMSE=’ ,WDRMSE)

D.2.3 WRF Compare to TANAB for Percentile Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine output f i l ename a s s o c i a t e d with WRF/TANAB comparison

Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with TANAB measurements on May 18 , 24 , 30

InputTANABfile1=” Instruments /TANAB20180518 . txt ”

InputTANABfile2=” Instruments /TANAB20180524 . txt ”

InputTANABfile3=” Instruments /TANAB20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 TANAB HigherLevel . txt ”
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InputWRFfile2=”Mine 96/ wrfout 2018−05−24 TANAB HigherLevel . txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 TANAB HigherLevel . txt ”

#Def ine number o f time windows (1 hour ) f o r comparison

nTimes = 24

TimeWindow =[0 , 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 , 9 , 10 , 11 , 12 , 13 , 14 , 15 , 16 , 17 , 18 , 19 , 20 , 21 , 22 , 23 ]

#Number o f f i r s t few l a y e r s o f WRF a l t i t u d e s to check f o r matching Mean TANAB a l t i t u d e

nzWRFCheck=5

#Def ine number o f l a y e r s in WRF s imu la t i on s

#nzLayersWRF=13 #For low v e r t i c a l r e s o l u t i o n (45 Leve l s )

nzLayersWRF=17 #For mid v e r t i c a l r e s o l u t i o n (90 Leve l s )

#nzLayersWRF=20 #For high v e r t i c a l r e s o l u t i o n (90 Leve l s )

#Read the TANAB data f i l e s

InputTANABData1 = np . l oadtx t ( InputTANABfile1 )

timeTANAB1=InputTANABData1 [ : , 0 ]

zMeanTANAB1=InputTANABData1 [ : , 3 ]

SMeanTANAB1=InputTANABData1 [ : , 6 ]

ThetaMeanTANAB1=InputTANABData1 [ : , 7 ]

dThetadzBTANAB1=InputTANABData1 [ : , 8 ]

InputTANABData2 = np . l oadtx t ( InputTANABfile2 )

timeTANAB2=InputTANABData2 [ : , 0 ]

zMeanTANAB2=InputTANABData2 [ : , 3 ]

SMeanTANAB2=InputTANABData2 [ : , 6 ]

ThetaMeanTANAB2=InputTANABData2 [ : , 7 ]

dThetadzBTANAB2=InputTANABData2 [ : , 8 ]

InputTANABData3 = np . l oadtx t ( InputTANABfile3 )

timeTANAB3=InputTANABData3 [ : , 0 ]

zMeanTANAB3=InputTANABData3 [ : , 3 ]

SMeanTANAB3=InputTANABData3 [ : , 6 ]

ThetaMeanTANAB3=InputTANABData3 [ : , 7 ]

dThetadzBTANAB3=InputTANABData3 [ : , 8 ]

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 )

timeWRF1=InputWRFdata1 [ : , 0 ]

zWRF1=InputWRFdata1 [ : , 1 ]

SWRF1=InputWRFdata1 [ : , 4 ]

PertThetaWRF1=InputWRFdata1 [ : , 8 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 )

timeWRF2=InputWRFdata2 [ : , 0 ]

zWRF2=InputWRFdata2 [ : , 1 ]

SWRF2=InputWRFdata2 [ : , 4 ]

PertThetaWRF2=InputWRFdata2 [ : , 8 ]

InputWRFdata3 = np . l oadtx t ( InputWRFfile3 )

timeWRF3=InputWRFdata3 [ : , 0 ]
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zWRF3=InputWRFdata3 [ : , 1 ]

SWRF3=InputWRFdata3 [ : , 4 ]

PertThetaWRF3=InputWRFdata3 [ : , 8 ]

########################################################################################

SMean50TANAB=np . z e ro s ( ( nTimes , 1 ) )

SMean25TANAB=np . z e ro s ( ( nTimes , 1 ) )

SMean75TANAB=np . z e ro s ( ( nTimes , 1 ) )

SMean50WRF=np . z e r o s ( ( nTimes , 1 ) )

SMean25WRF=np . z e r o s ( ( nTimes , 1 ) )

SMean75WRF=np . z e r o s ( ( nTimes , 1 ) )

SMeanFBTANABWRF=np . z e ro s ( ( nTimes , 1 ) )

SMeanNMSETANABWRF=np . z e ro s ( ( nTimes , 1 ) )

SMeanBTANABWRF=np . z e ro s ( ( nTimes , 1 ) )

dThetadzB50TANAB=np . z e ro s ( ( nTimes , 1 ) )

dThetadzB25TANAB=np . z e ro s ( ( nTimes , 1 ) )

dThetadzB75TANAB=np . z e ro s ( ( nTimes , 1 ) )

dThetadzB50WRF=np . z e r o s ( ( nTimes , 1 ) )

dThetadzB25WRF=np . z e r o s ( ( nTimes , 1 ) )

dThetadzB75WRF=np . z e r o s ( ( nTimes , 1 ) )

dThetadzBFBTANABWRF=np . z e r o s ( ( nTimes , 1 ) )

dThetadzBNMSETANABWRF=np . z e ro s ( ( nTimes , 1 ) )

dThetadzBBTANABWRF=np . z e ro s ( ( nTimes , 1 ) )

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Look up TANAB Wind Speed

ArraySMeanTANAB=np . concatenate ( (SMeanTANAB1[ j ] ,SMeanTANAB2[ j ] ,SMeanTANAB3[ j ] ) ,

a x i s=None )

SMean50TANAB[ j ] = np . nanmedian (ArraySMeanTANAB)

SMean25TANAB[ j ] = np . n a n p e r c e n t i l e (ArraySMeanTANAB, 2 5 )

SMean75TANAB[ j ] = np . n a n p e r c e n t i l e (ArraySMeanTANAB, 75)

#Look up TANAB temperature g r a d i e n t s

ArraydThetadzBTANAB=np . concatenate ( (dThetadzBTANAB1 [ j ] , dThetadzBTANAB2 [ j ] ,

dThetadzBTANAB3 [ j ] ) , a x i s=None )

dThetadzB50TANAB [ j ] = np . nanmedian (ArraydThetadzBTANAB)

dThetadzB25TANAB [ j ] = np . n a n p e r c e n t i l e (ArraydThetadzBTANAB , 2 5 )

dThetadzB75TANAB [ j ] = np . n a n p e r c e n t i l e (ArraydThetadzBTANAB , 75)

#Find the c l o s e s t a l t i t u d e in WRF a s s o c i a t e d with Mean TANAB a l t i t u d e f o r each

day

#Check the f i r s t few l a y e r s o f WRF f o r the c l o s e s t match

ArrayElementSWRF1=[np . nan ]

ArrayElementSWRF2=[np . nan ]

ArrayElementSWRF3=[np . nan ]

ArrayElementdThetadzBWRF1=[np . nan ]
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ArrayElementdThetadzBWRF2 = [ np . nan ]

ArrayElementdThetadzBWRF3 = [ np . nan ]

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB1[ j ] ) :

break

e l i f zMeanTANAB1[ j ]<(zWRF1[ ( j ) ∗nzLayersWRF+i ]+zWRF1[ ( j ) ∗nzLayersWRF+i −1])

/2 :

iMatch=i−1

#Now s t a r t making the ar rays o f data

ArrayElementSWRF1 = SWRF1[ ( j ) ∗nzLayersWRF+iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t

#iMatch=0

ArrayElementdThetadzBWRF1 = (PertThetaWRF1 [ ( j ) ∗nzLayersWRF+iMatch+1]−
PertThetaWRF1 [ ( j ) ∗nzLayersWRF+iMatch ] ) /(zWRF1[ ( j ) ∗nzLayersWRF+

iMatch+1]−zWRF1[ ( j ) ∗nzLayersWRF+iMatch ] )

break

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB2[ j ] ) :

break

e l i f zMeanTANAB2[ j ] < (zWRF2[ ( j ) ∗ nzLayersWRF + i ] + zWRF2[ ( j ) ∗
nzLayersWRF + i − 1 ] ) / 2 :

iMatch = i − 1

# Now s t a r t making the ar rays o f data

ArrayElementSWRF2 = SWRF2[ ( j ) ∗ nzLayersWRF + iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t

#iMatch=0

ArrayElementdThetadzBWRF2 = (PertThetaWRF2 [ ( j ) ∗ nzLayersWRF + iMatch

+ 1 ] − PertThetaWRF2 [ ( j ) ∗ nzLayersWRF + iMatch ] ) / (zWRF2[ ( j ) ∗
nzLayersWRF + iMatch + 1 ] − zWRF2[ ( j ) ∗ nzLayersWRF + iMatch ] )

break

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB3[ j ] ) :

break

e l i f zMeanTANAB3[ j ] < (zWRF3[ ( j ) ∗ nzLayersWRF + i ] + zWRF3[ ( j ) ∗
nzLayersWRF + i − 1 ] ) / 2 :

iMatch = i − 1

# Now s t a r t making the ar rays o f data

ArrayElementSWRF3 = SWRF3[ ( j ) ∗ nzLayersWRF + iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t
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#iMatch=0

ArrayElementdThetadzBWRF3 = (PertThetaWRF3 [ ( j ) ∗ nzLayersWRF + iMatch

+ 1 ] − PertThetaWRF3 [ ( j ) ∗ nzLayersWRF + iMatch ] ) / (zWRF3[ ( j ) ∗
nzLayersWRF + iMatch + 1 ] − zWRF3[ ( j ) ∗ nzLayersWRF + iMatch ] )

break

#Now assemble the ar rays

ArraySWRF = np . concatenate ( ( ArrayElementSWRF1 , ArrayElementSWRF2 ,

ArrayElementSWRF3) , a x i s=None )

ArraydThetadzBWRF = np . concatenate ( ( ArrayElementdThetadzBWRF1 ,

ArrayElementdThetadzBWRF2 , ArrayElementdThetadzBWRF3 ) , a x i s=None )

SMean50WRF[ j ] = np . nanmedian (ArraySWRF)

SMean25WRF[ j ] = np . n a n p e r c e n t i l e (ArraySWRF, 2 5 )

SMean75WRF[ j ] = np . n a n p e r c e n t i l e (ArraySWRF, 75)

dThetadzB50WRF [ j ] = np . nanmedian (ArraydThetadzBWRF)

dThetadzB25WRF [ j ] = np . n a n p e r c e n t i l e (ArraydThetadzBWRF , 2 5 )

dThetadzB75WRF [ j ] = np . n a n p e r c e n t i l e (ArraydThetadzBWRF , 75)

SMeanFBTANABWRF[ j ] = (np . nanmean(ArraySWRF)−np . nanmean(ArraySMeanTANAB) )

/ ( 0 . 5∗ ( np . nanmean(ArraySWRF)+np . nanmean(ArraySMeanTANAB) ) )

SMeanNMSETANABWRF[ j ] = np . abso lu t e ( ( np . nanmean(ArraySWRF−ArraySMeanTANAB) ∗∗2)

/ ( ( np . nanmean(ArraySWRF) ∗np . nanmean(ArraySMeanTANAB) ) ) )

SMeanBTANABWRF[ j ] = (np . nanmean(ArraySWRF) − np . nanmean(ArraySMeanTANAB) )

dThetadzBFBTANABWRF[ j ] = (np . nanmean(ArraydThetadzBWRF)−np . nanmean(

ArraydThetadzBTANAB) ) / ( 0 . 5∗ ( np . nanmean(ArraydThetadzBWRF)+np . nanmean(

ArraydThetadzBTANAB) ) )

dThetadzBNMSETANABWRF[ j ] = np . abso lu t e ( ( np . nanmean(ArraydThetadzBWRF−
ArraydThetadzBTANAB) ∗∗2) / ( ( np . nanmean(ArraydThetadzBWRF) ∗np . nanmean(

ArraydThetadzBTANAB) ) ) )

dThetadzBBTANABWRF[ j ] = (np . nanmean(ArraydThetadzBWRF) − np . nanmean(

ArraydThetadzBTANAB) )

# Calcu la te the e n t i r e f r a c t i o n a l b i a s and normal ized mean square e r r o r o f SMean f o r a l l the

data o f h o r i z o n t a l wind speed

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f Hor i zonta l Wind Speed ’ )

print ( ’SMean50FB=’ , ( np . nanmean(SMean50WRF) − np . nanmean(SMean50TANAB) ) / ( 0 . 5 ∗ (np . nanmean(

SMean50WRF) + np . nanmean(SMean50TANAB) ) ) )

print ( ’SMean50NMSE=’ , np . abso lu t e ( ( np . nanmean(SMean50WRF− SMean50TANAB) ∗∗ 2) / ( ( np . nanmean

(SMean50WRF) ∗ np . nanmean(SMean50TANAB) ) ) ) )

print ( ’ SMean50Bias=’ , ( np . nanmean(SMean50WRF) − np . nanmean(SMean50TANAB) ) )

# Calcu la te the e n t i r e f r a c t i o n a l b i a s and normal ized mean square e r r o r o f dThetadzB f o r a l l

the data o f Temperature Gradient

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f Temperature Gradient ’ )

print ( ’ dThetadzB50FB=’ , ( np . nanmean(dThetadzB50WRF) − np . nanmean(dThetadzB50TANAB) ) / ( 0 . 5 ∗
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(np . nanmean(dThetadzB50WRF) + np . nanmean(dThetadzB50TANAB) ) ) )

print ( ’dThetadzB50NMSE=’ , np . abso lu t e ( ( np . nanmean(dThetadzB50WRF− dThetadzB50TANAB) ∗∗ 2) /

( ( np . nanmean(dThetadzB50WRF) ∗ np . nanmean(dThetadzB50TANAB) ) ) ) )

print ( ’ dThetadzB50Bias=’ , ( np . nanmean(dThetadzB50WRF) − np . nanmean(dThetadzB50TANAB) ) )

# Economized way to wr i t e r e s u l t s in t ext f i l e s g iven nLeve ls and nTimes

outputF i l e = open( Output f i l e , ”w” )

outputF i l e . wr i t e ( ”#Times : Local Standard Time = Mountain Standard Time (MST) \n” )

outputF i l e . wr i t e (

”#0:TimeWindow ( hr ) \ t 1 :SMean25TANAB (m s−1) \ t 2 :SMean50TANAB (m s−1) \ t 3 :

SMean75TANAB (m s−1)”

”\ t 4 :SMean25WRF (m s−1) \ t 5 :SMean50WRF (m s−1) \ t 6 :SMean75WRF (m s−1)”

”\ t 7 :SMeanFBTANABWRF \ t 8 :SMeanNMSETANABWRF”

”\ t 9 : dThetadzB25TANAB (K m−1) \ t 10 :dThetadzB50TANAB (K m−1) \ t 11 :dThetadzB75TANAB (K

m−1)”

”\ t 12 :dThetadzB25WRF (K m−1) \ t 13 :dThetadzB50WRF (K m−1) \ t 14 :dThetadzB75WRF (K m−1)”

”\ t 15 :dThetadzBFBTANABWRF \ t 16 :dThetadzBNMSETANABWRF \ t 17 :SMeanBTANABWRF (m s−1) \ t

18 :dThetadzBBTANABWRF (K m−1) \n” )

# Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

outputF i l e . wr i t e ( ”%.0 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.3 f \ t %.8 f \ t %.8 f ”

”\ t %.8 f \ t %.8 f \ t %.8 f \ t %.8 f \ t %.8 f \ t %.8 f \ t %.8 f \ t %.8 f \ t %.5

f \ t %.8 f \n” \
% (TimeWindow [ j ] ,SMean25TANAB[ j ] ,SMean50TANAB[ j ] ,SMean75TANAB[ j ] ,

SMean25WRF[ j ] ,SMean50WRF[ j ] , SMean75WRF[ j ] ,

SMeanFBTANABWRF[ j ] , SMeanNMSETANABWRF[ j ] ,

dThetadzB25TANAB [ j ] , dThetadzB50TANAB [ j ] , dThetadzB75TANAB [ j ] ,

dThetadzB25WRF [ j ] , dThetadzB50WRF [ j ] , dThetadzB75WRF [ j ] ,

dThetadzBFBTANABWRF[ j ] , dThetadzBNMSETANABWRF[ j ] ,

SMeanBTANABWRF[ j ] , dThetadzBBTANABWRF[ j ] ) )

D.2.4 WRF Compare to TANAB for Error Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine output f i l ename a s s o c i a t e d with WRF/TANAB comparison

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with TANAB measurements on May 18 , 24 , 30

InputTANABfile1=” Instruments /TANAB20180518 . txt ”

InputTANABfile2=” Instruments /TANAB20180524 . txt ”

InputTANABfile3=” Instruments /TANAB20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 TANAB HigherLevel . txt ”

InputWRFfile2=”Mine 96/ wrfout 2018−05−24 TANAB HigherLevel . txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 TANAB HigherLevel . txt ”
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#Def ine number o f time windows (1 hour ) f o r comparison

nTimes = 24

TimeWindow =[0 , 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 , 9 , 10 , 11 , 12 , 13 , 14 , 15 , 16 , 17 , 18 , 19 , 20 , 21 , 22 , 23 ]

#Number o f f i r s t few l a y e r s o f WRF a l t i t u d e s to check f o r matching Mean TANAB a l t i t u d e

nzWRFCheck=5

#Def ine number o f l a y e r s in WRF s imu la t i on s

#nzLayersWRF=13 #For low v e r t i c a l r e s o l u t i o n (45 Leve l s )

nzLayersWRF=17 #For mid v e r t i c a l r e s o l u t i o n (90 Leve l s )

#nzLayersWRF=20 #For high v e r t i c a l r e s o l u t i o n (90 Leve l s )

#Read the TANAB data f i l e s

InputTANABData1 = np . l oadtx t ( InputTANABfile1 )

timeTANAB1=InputTANABData1 [ : , 0 ]

zMeanTANAB1=InputTANABData1 [ : , 3 ]

SMeanTANAB1=InputTANABData1 [ : , 6 ]

ThetaMeanTANAB1=InputTANABData1 [ : , 7 ]

dThetadzBTANAB1=InputTANABData1 [ : , 8 ]

InputTANABData2 = np . l oadtx t ( InputTANABfile2 )

timeTANAB2=InputTANABData2 [ : , 0 ]

zMeanTANAB2=InputTANABData2 [ : , 3 ]

SMeanTANAB2=InputTANABData2 [ : , 6 ]

ThetaMeanTANAB2=InputTANABData2 [ : , 7 ]

dThetadzBTANAB2=InputTANABData2 [ : , 8 ]

InputTANABData3 = np . l oadtx t ( InputTANABfile3 )

timeTANAB3=InputTANABData3 [ : , 0 ]

zMeanTANAB3=InputTANABData3 [ : , 3 ]

SMeanTANAB3=InputTANABData3 [ : , 6 ]

ThetaMeanTANAB3=InputTANABData3 [ : , 7 ]

dThetadzBTANAB3=InputTANABData3 [ : , 8 ]

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 )

timeWRF1=InputWRFdata1 [ : , 0 ]

zWRF1=InputWRFdata1 [ : , 1 ]

SWRF1=InputWRFdata1 [ : , 4 ]

PertThetaWRF1=InputWRFdata1 [ : , 8 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 )

timeWRF2=InputWRFdata2 [ : , 0 ]

zWRF2=InputWRFdata2 [ : , 1 ]

SWRF2=InputWRFdata2 [ : , 4 ]

PertThetaWRF2=InputWRFdata2 [ : , 8 ]

InputWRFdata3 = np . l oadtx t ( InputWRFfile3 )

timeWRF3=InputWRFdata3 [ : , 0 ]

zWRF3=InputWRFdata3 [ : , 1 ]

SWRF3=InputWRFdata3 [ : , 4 ]
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PertThetaWRF3=InputWRFdata3 [ : , 8 ]

########################################################################################

SMeanTANAB=np . nan

SMeanWRF=np . nan

dThetadzBTANAB=np . nan

dThetadzBWRF=np . nan

#Time loop j : from 0 to nTimes

for j in range (0 , nTimes ) :

#Look up TANAB Wind Speed

SMeanTANAB=np . concatenate ( (SMeanTANAB,SMeanTANAB1[ j ] ,SMeanTANAB2[ j ] ,

SMeanTANAB3[ j ] ) , a x i s=None )

#Look up TANAB temperature g r a d i e n t s

dThetadzBTANAB=np . concatenate ( (dThetadzBTANAB , dThetadzBTANAB1 [ j ] ,

dThetadzBTANAB2 [ j ] , dThetadzBTANAB3 [ j ] ) , a x i s=None )

#Find the c l o s e s t a l t i t u d e in WRF a s s o c i a t e d with Mean TANAB a l t i t u d e f o r each

day

#Check the f i r s t few l a y e r s o f WRF f o r the c l o s e s t match

ArrayElementSWRF1=[np . nan ]

ArrayElementSWRF2=[np . nan ]

ArrayElementSWRF3=[np . nan ]

ArrayElementdThetadzBWRF1=[np . nan ]

ArrayElementdThetadzBWRF2 = [ np . nan ]

ArrayElementdThetadzBWRF3 = [ np . nan ]

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB1[ j ] ) :

break

e l i f zMeanTANAB1[ j ]<(zWRF1[ ( j ) ∗nzLayersWRF+i ]+zWRF1[ ( j ) ∗nzLayersWRF+i −1])

/2 :

iMatch=i−1

#Now s t a r t making the ar rays o f data

ArrayElementSWRF1 = SWRF1[ ( j ) ∗nzLayersWRF+iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t

#iMatch=0

ArrayElementdThetadzBWRF1 = (PertThetaWRF1 [ ( j ) ∗nzLayersWRF+iMatch+1]−
PertThetaWRF1 [ ( j ) ∗nzLayersWRF+iMatch ] ) /(zWRF1[ ( j ) ∗nzLayersWRF+

iMatch+1]−zWRF1[ ( j ) ∗nzLayersWRF+iMatch ] )

break

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB2[ j ] ) :
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break

e l i f zMeanTANAB2[ j ] < (zWRF2[ ( j ) ∗ nzLayersWRF + i ] + zWRF2[ ( j ) ∗
nzLayersWRF + i − 1 ] ) / 2 :

iMatch = i − 1

# Now s t a r t making the ar rays o f data

ArrayElementSWRF2 = SWRF2[ ( j ) ∗ nzLayersWRF + iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t

#iMatch=0

ArrayElementdThetadzBWRF2 = (PertThetaWRF2 [ ( j ) ∗ nzLayersWRF + iMatch

+ 1 ] − PertThetaWRF2 [ ( j ) ∗ nzLayersWRF + iMatch ] ) / (zWRF2[ ( j ) ∗
nzLayersWRF + iMatch + 1 ] − zWRF2[ ( j ) ∗ nzLayersWRF + iMatch ] )

break

for i in range (1 , nzWRFCheck) :

i f np . i snan (zMeanTANAB3[ j ] ) :

break

e l i f zMeanTANAB3[ j ] < (zWRF3[ ( j ) ∗ nzLayersWRF + i ] + zWRF3[ ( j ) ∗
nzLayersWRF + i − 1 ] ) / 2 :

iMatch = i − 1

# Now s t a r t making the ar rays o f data

ArrayElementSWRF3 = SWRF3[ ( j ) ∗ nzLayersWRF + iMatch ]

#Option 1 : use the c l o s e s t v e r t i c a l l o c a t i o n f o r c a l c u l a t i n g the

g rad i en t

#Option 2 : always use the f i r s t two l a y e r s f o r c a l c u l a t i n g the

g rad i en t

#iMatch=0

ArrayElementdThetadzBWRF3 = (PertThetaWRF3 [ ( j ) ∗ nzLayersWRF + iMatch

+ 1 ] − PertThetaWRF3 [ ( j ) ∗ nzLayersWRF + iMatch ] ) / (zWRF3[ ( j ) ∗
nzLayersWRF + iMatch + 1 ] − zWRF3[ ( j ) ∗ nzLayersWRF + iMatch ] )

break

#Now assemble the ar rays

SMeanWRF = np . concatenate ( (SMeanWRF, ArrayElementSWRF1 , ArrayElementSWRF2 ,

ArrayElementSWRF3) , a x i s=None )

dThetadzBWRF = np . concatenate ( (dThetadzBWRF , ArrayElementdThetadzBWRF1 ,

ArrayElementdThetadzBWRF2 , ArrayElementdThetadzBWRF3 ) , a x i s=None )

#Calcu la te Bias and RMSE

SBias = np . nanmean(SMeanWRF−SMeanTANAB)

SRMSE = np . s q r t (np . nanmean ( (SMeanWRF−SMeanTANAB) ∗∗2) )

dThetadzBBias = np . nanmean(dThetadzBWRF−dThetadzBTANAB)

dThetadzRMSE = np . s q r t (np . nanmean ( (dThetadzBWRF−dThetadzBTANAB) ∗∗2) )

#Print the e n t i r e b i a s and root mean square e r r o r o f S10m f o r a l l the data o f h o r i z o n t a l

wind speed at 10 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Hor i zonta l Wind Speed ’

)
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print ( ’ SBias=’ , SBias )

print ( ’SRMSE=’ , SRMSE)

#Print the e n t i r e b i a s f o r a l l the data o f Temperature g rad i en t

print ( ’ Bias (B) and RMSE f o r a l l the d i f f e r e n c e s o f Temperature g rad i en t (K/m) ’ )

print ( ’ dThetadzBias=’ , dThetadzBBias )

print ( ’dThetadzRMSE=’ ,dThetadzRMSE)

D.2.5 WRF Compare to Surface Level for Percentile Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine i n t e g r a l time−s c a l e s o f turbu lence [ s ]

TauSHF=180

#Def ine sampling time f o r instruments measuring turbu lence va r i ance s and f l u x e s [ s ]

TAvgSHF=900

#Calcu la te c o r r e c t i o n f a c t o r f o r turbu l ent va r i anc e s and f l u x e s

CorrFactSHF=−1/(2∗TauSHF/TAvgSHF−1)

#Def ine magnetic d e c l a r a t i o n f o r northern Alberta

#I f you rerun t h i s code add t h i s to the exper imenta l wind d i r e c t i o n

#Magnetic North i s to the ea s t o f t rue North

phiMagDec=14

#Def ine output f i l ename a s s o c i a t e d with WRF/ Sur face Leve l comparison

Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with s u r f a c e l e v e l measurements on May 18 , 24 , 30

I n p u t S u r f a c e L e v e l f i l e 1=” Instruments /UofASonic120180518 . txt ”

I n p u t S u r f a c e L e v e l f i l e 2=” Instruments /UofASonic120180524 . txt ”

I n p u t S u r f a c e L e v e l f i l e 3=” Instruments /UofASonic120180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /UofASonic220180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /UofASonic220180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /UofASonic220180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments / MineTrai ler20180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments / MineTrai ler20180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments / MineTrai ler20180530 . txt ”
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#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic120180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic120180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic120180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic220180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic220180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic220180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic320180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic320180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic320180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /WBEACup20180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /WBEACup20180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /WBEACup20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 UltrasonicAnemometer1 . txt ”

InputWRFfile2=”Mine 96/ wrfout 2018−05−24 UltrasonicAnemometer1 . txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 UltrasonicAnemometer1 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 UltrasonicAnemometer2 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 UltrasonicAnemometer2 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 UltrasonicAnemometer2 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 MineTra i l e r . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 MineTra i l e r . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 MineTra i l e r . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer1 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer1 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer1 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer2 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer2 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer2 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer3 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer3 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer3 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 WBEACupAnemometer . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 WBEACupAnemometer . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 WBEACupAnemometer . txt ”

#Def ine number o f time windows (1 hour ) f o r comparison

nTimes = 24

TimeWindow =[0 , 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 , 9 , 10 , 11 , 12 , 13 , 14 , 15 , 16 , 17 , 18 , 19 , 20 , 21 , 22 , 23 ]

#Read the s u r f a c e l e v e l data f i l e s
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InputSurfaceLeve lData1 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 1 )

t imeSur faceLeve l1=InputSurfaceLeve lData1 [ : , 0 ]

T2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 4 ]

S2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 5 ]

WD2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 6 ]

T10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 8 ]

#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 9 ]

SHF10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 1 0 ] ∗ CorrFactSHF

InputSurfaceLeve lData2 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 2 )

t imeSur faceLeve l2=InputSurfaceLeve lData2 [ : , 0 ]

T2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 4 ]

S2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 5 ]

WD2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 6 ]

T10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 8 ]

#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 9 ]

SHF10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 1 0 ] ∗ CorrFactSHF

InputSurfaceLeve lData3 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 3 )

t imeSur faceLeve l3=InputSurfaceLeve lData3 [ : , 0 ]

T2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 4 ]

S2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 5 ]

WD2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 6 ]

T10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 8 ]

#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 9 ]

SHF10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 1 0 ] ∗ CorrFactSHF

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 )

timeWRF1=InputWRFdata1 [ : , 0 ]

S10mWRF1=InputWRFdata1 [ : , 1 ]

WD10mWRF1=InputWRFdata1 [ : , 4 ]

T2mWRF1=InputWRFdata1 [ : , 5 ]

RH2mWRF1=InputWRFdata1 [ : , 7 ]

SHF10mWRF1=InputWRFdata1 [ : , 8 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 )

timeWRF2=InputWRFdata2 [ : , 0 ]

S10mWRF2=InputWRFdata2 [ : , 1 ]

WD10mWRF2=InputWRFdata2 [ : , 4 ]

T2mWRF2=InputWRFdata2 [ : , 5 ]

RH2mWRF2=InputWRFdata2 [ : , 7 ]

SHF10mWRF2=InputWRFdata2 [ : , 8 ]
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InputWRFdata3 = np . l oadtx t ( InputWRFfile3 )

timeWRF3=InputWRFdata3 [ : , 0 ]

S10mWRF3=InputWRFdata3 [ : , 1 ]

WD10mWRF3=InputWRFdata3 [ : , 4 ]

T2mWRF3=InputWRFdata3 [ : , 5 ]

RH2mWRF3=InputWRFdata3 [ : , 7 ]

SHF10mWRF3=InputWRFdata3 [ : , 8 ]

########################################################################################

S10mSur face leve l=np . z e r o s ( (3∗ nTimes , 1 ) )

S10mWRF=np . z e r o s ( (3∗ nTimes , 1 ) )

T2mSurface leve l=np . z e r o s ( (3∗ nTimes , 1 ) )

T2mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

RH2mSurfacelevel=np . z e r o s ( (3∗ nTimes , 1 ) )

RH2mWRF=np . z e r o s ( (3∗ nTimes , 1 ) )

SHF10mSurfacelevel=np . z e r o s ( (3∗ nTimes , 1 ) )

SHF10mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

WD10mSurfaceLevel=np . z e r o s ( (3∗ nTimes , 1 ) )

WD10mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

#Create ar rays with 72 measurements and WRF outputs f o r Wind v e l o c i t y

S10mSurfaceLevel123=np . concatenate ( ( S10mSurfaceLevel1 , S10mSurfaceLevel2 , S10mSurfaceLevel3 ) ,

a x i s=None )

S10mWRF123 = np . concatenate ( (S10mWRF1, S10mWRF2, S10mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

S10Bias123 = np . nanmean(S10mWRF123−S10mSurfaceLevel123 )

S10RMSE123 = np . s q r t (np . nanmean ( (S10mWRF123−S10mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r Temperature

T2mSurfaceLevel123=np . concatenate ( ( T2mSurfaceLevel1 , T2mSurfaceLevel2 , T2mSurfaceLevel3 ) , a x i s=

None )

T2mWRF123 = np . concatenate ( (T2mWRF1, T2mWRF2, T2mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

T2Bias123 = np . nanmean(T2mWRF123−T2mSurfaceLevel123 )

T2RMSE123 = np . s q r t (np . nanmean ( (T2mWRF123−T2mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r Re la t i v e Humidity

RH2mSurfaceLevel123=np . concatenate ( ( RH2mSurfaceLevel1 , RH2mSurfaceLevel2 , RH2mSurfaceLevel3 ) ,

a x i s=None )

RH2mWRF123 = np . concatenate ( (RH2mWRF1, RH2mWRF2, RH2mWRF3) , a x i s=None )
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#Calcu la te Bias and RMSE

RH2Bias123 = np . nanmean(RH2mWRF123−RH2mSurfaceLevel123 )

RH2RMSE123 = np . s q r t (np . nanmean ( (RH2mWRF123−RH2mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r S e n s i b l e Heat Flux

SHF10mSurfaceLevel123=np . concatenate ( ( SHF10mSurfaceLevel1 , SHF10mSurfaceLevel2 ,

SHF10mSurfaceLevel3 ) , a x i s=None )

SHF10mWRF123 = np . concatenate ( (SHF10mWRF1, SHF10mWRF2, SHF10mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

SHF10Bias123 = np . nanmean(SHF10mWRF123−SHF10mSurfaceLevel123 )

SHF10RMSE123 = np . s q r t (np . nanmean ( (SHF10mWRF123−SHF10mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs o f wind d i r e c t i o n

WD10mSurfaceLevel123 = np . concatenate ( ( WD10mSurfaceLevel1 , WD10mSurfaceLevel2 ,

WD10mSurfaceLevel3 ) , a x i s=None )

WD10mWRF123 = np . concatenate ( (WD10mWRF1, WD10mWRF2, WD10mWRF3) , a x i s=None )

#Correct f o r magnetic i n c l i n a t i o n

WD10mSurfaceLevel123 = WD10mSurfaceLevel123 + phiMagDec

for x in range (0 , len ( WD10mSurfaceLevel123 ) ) :

i f WD10mSurfaceLevel123 [ x ] >= 360 :

WD10mSurfaceLevel123 [ x ] = WD10mSurfaceLevel123 [ x ] − 360

#Calcu la te d i f f e r e n c e in WD

DiffPhi10mSurfacelevelWRF123 = WD10mWRF123 − WD10mSurfaceLevel123

for x in range (0 , len ( DiffPhi10mSurfacelevelWRF123 ) ) :

i f DiffPhi10mSurfacelevelWRF123 [ x ] <= −180:

DiffPhi10mSurfacelevelWRF123 [ x ] = DiffPhi10mSurfacelevelWRF123 [ x ] + 360

i f DiffPhi10mSurfacelevelWRF123 [ x ] >= 180 :

DiffPhi10mSurfacelevelWRF123 [ x ] = DiffPhi10mSurfacelevelWRF123 [ x ] − 360

#Calcu la te Bias and RMSE

WD10Bias123 = np . nanmean( DiffPhi10mSurfacelevelWRF123 )

WD10RMSE123 = np . s q r t (np . nanmean ( ( DiffPhi10mSurfacelevelWRF123 ) ∗∗2) )

#Print the e n t i r e b i a s and root mean square e r r o r o f S10m f o r a l l the data o f h o r i z o n t a l

wind speed at 10 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Hor i zonta l Wind Speed ’

)

print ( ’ S10mBias=’ , S10Bias123 )

print ( ’S10mRMSE=’ , S10RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f T2m f o r a l l the data o f temperature at
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2 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Temperature ’ )

print ( ’ T2mBias=’ , T2Bias123 )

print ( ’T2mRMSE=’ ,T2RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f RH2m f o r a l l the data o f r e l a t i v e

humidity at 2 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Re l a t i v e Humidity ’ )

print ( ’RH2mBias=’ , RH2Bias123 )

print ( ’RH2mNMSE=’ ,RH2RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f SHF10m f o r a l l the data o f S e n s i b l e

Heat Flux at 10 m

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f S e n s i b l e Heat Flux ’ )

print ( ’ SHF10mBias=’ , SHF10Bias123 )

print ( ’SHF10mRMSE=’ , SHF10RMSE123)

# Print the e n t i r e b i a s f o r a l l the data o f Wind Di r e c t i on at 10m

print ( ’ Bias (B) and RMSE f o r a l l the d i f f e r e n c e s o f wind d i r e c t i o n ( Degree ) ’ )

print ( ’WD10m50Bias=’ , WD10Bias123 )

print ( ’WD10m50RMSE=’ ,WD10RMSE123)

D.2.6 WRF Compare to Surface Level for Error Calculations

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine i n t e g r a l time−s c a l e s o f turbu lence [ s ]

TauSHF=180

#Def ine sampling time f o r instruments measuring turbu lence va r i ance s and f l u x e s [ s ]

TAvgSHF=900

#Calcu la te c o r r e c t i o n f a c t o r f o r turbu l ent va r i anc e s and f l u x e s

CorrFactSHF=−1/(2∗TauSHF/TAvgSHF−1)

#Def ine magnetic d e c l a r a t i o n f o r northern Alberta

#I f you rerun t h i s code add t h i s to the exper imenta l wind d i r e c t i o n

#Magnetic North i s to the ea s t o f t rue North

phiMagDec=14

#Def ine output f i l ename a s s o c i a t e d with WRF/ Sur face Leve l comparison

Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 95 96 97 . txt ”

192



#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 95 96 97 . txt ”

#Output f i l e=” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 95 96 97 . txt ”

#Def ine f i l enames a s s o c i a t e d with s u r f a c e l e v e l measurements on May 18 , 24 , 30

I n p u t S u r f a c e L e v e l f i l e 1=” Instruments /UofASonic120180518 . txt ”

I n p u t S u r f a c e L e v e l f i l e 2=” Instruments /UofASonic120180524 . txt ”

I n p u t S u r f a c e L e v e l f i l e 3=” Instruments /UofASonic120180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /UofASonic220180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /UofASonic220180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /UofASonic220180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments / MineTrai ler20180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments / MineTrai ler20180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments / MineTrai ler20180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic120180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic120180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic120180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic220180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic220180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic220180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /RWDISonic320180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /RWDISonic320180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /RWDISonic320180530 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 1=”Instruments /WBEACup20180518 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 2=”Instruments /WBEACup20180524 . txt ”

#I n p u t S u r f a c e L e v e l f i l e 3=”Instruments /WBEACup20180530 . txt ”

#Def ine f i l enames a s s o c i a t e d with WRF runs o f i n t e r e s t on May 18 , 24 , 30

InputWRFfile1=”Mine 95/ wrfout 2018−05−18 UltrasonicAnemometer1 . txt ”

InputWRFfile2=”Mine 96/ wrfout 2018−05−24 UltrasonicAnemometer1 . txt ”

InputWRFfile3=”Mine 97/ wrfout 2018−05−30 UltrasonicAnemometer1 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 UltrasonicAnemometer2 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 UltrasonicAnemometer2 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 UltrasonicAnemometer2 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 MineTra i l e r . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 MineTra i l e r . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 MineTra i l e r . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer1 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer1 . txt ”
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#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer1 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer2 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer2 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer2 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 RWDISonicAnemometer3 . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 RWDISonicAnemometer3 . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 RWDISonicAnemometer3 . txt ”

#InputWRFfile1=”Mine 95/ wrfout 2018−05−18 WBEACupAnemometer . txt ”

#InputWRFfile2=”Mine 96/ wrfout 2018−05−24 WBEACupAnemometer . txt ”

#InputWRFfile3=”Mine 97/ wrfout 2018−05−30 WBEACupAnemometer . txt ”

#Def ine number o f time windows (1 hour ) f o r comparison

nTimes = 24

TimeWindow =[0 , 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 , 9 , 10 , 11 , 12 , 13 , 14 , 15 , 16 , 17 , 18 , 19 , 20 , 21 , 22 , 23 ]

#Read the s u r f a c e l e v e l data f i l e s

InputSurfaceLeve lData1 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 1 )

t imeSur faceLeve l1=InputSurfaceLeve lData1 [ : , 0 ]

T2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 4 ]

S2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 5 ]

WD2mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 6 ]

T10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 8 ]

#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 9 ]

SHF10mSurfaceLevel1=InputSurfaceLeve lData1 [ : , 1 0 ] ∗ CorrFactSHF

InputSurfaceLeve lData2 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 2 )

t imeSur faceLeve l2=InputSurfaceLeve lData2 [ : , 0 ]

T2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 4 ]

S2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 5 ]

WD2mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 6 ]

T10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 8 ]

#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 9 ]

SHF10mSurfaceLevel2=InputSurfaceLeve lData2 [ : , 1 0 ] ∗ CorrFactSHF

InputSurfaceLeve lData3 = np . l oadtx t ( I n p u t S u r f a c e L e v e l f i l e 3 )

t imeSur faceLeve l3=InputSurfaceLeve lData3 [ : , 0 ]

T2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 3 ] + 2 7 3 . 1 5

RH2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 4 ]

S2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 5 ]

WD2mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 6 ]

T10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 7 ] + 2 7 3 . 1 5

S10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 8 ]
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#I f you rerun the s u r f a c e l e v e l comparison add the magnetic d e c l i n a t i o n ang le here

WD10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 9 ]

SHF10mSurfaceLevel3=InputSurfaceLeve lData3 [ : , 1 0 ] ∗ CorrFactSHF

#Read the WRF data f i l e s

InputWRFdata1 = np . l oadtx t ( InputWRFfile1 )

timeWRF1=InputWRFdata1 [ : , 0 ]

S10mWRF1=InputWRFdata1 [ : , 1 ]

WD10mWRF1=InputWRFdata1 [ : , 4 ]

T2mWRF1=InputWRFdata1 [ : , 5 ]

RH2mWRF1=InputWRFdata1 [ : , 7 ]

SHF10mWRF1=InputWRFdata1 [ : , 8 ]

InputWRFdata2 = np . l oadtx t ( InputWRFfile2 )

timeWRF2=InputWRFdata2 [ : , 0 ]

S10mWRF2=InputWRFdata2 [ : , 1 ]

WD10mWRF2=InputWRFdata2 [ : , 4 ]

T2mWRF2=InputWRFdata2 [ : , 5 ]

RH2mWRF2=InputWRFdata2 [ : , 7 ]

SHF10mWRF2=InputWRFdata2 [ : , 8 ]

InputWRFdata3 = np . l oadtx t ( InputWRFfile3 )

timeWRF3=InputWRFdata3 [ : , 0 ]

S10mWRF3=InputWRFdata3 [ : , 1 ]

WD10mWRF3=InputWRFdata3 [ : , 4 ]

T2mWRF3=InputWRFdata3 [ : , 5 ]

RH2mWRF3=InputWRFdata3 [ : , 7 ]

SHF10mWRF3=InputWRFdata3 [ : , 8 ]

########################################################################################

S10mSur face leve l=np . z e r o s ( (3∗ nTimes , 1 ) )

S10mWRF=np . z e r o s ( (3∗ nTimes , 1 ) )

T2mSurface leve l=np . z e r o s ( (3∗ nTimes , 1 ) )

T2mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

RH2mSurfacelevel=np . z e r o s ( (3∗ nTimes , 1 ) )

RH2mWRF=np . z e r o s ( (3∗ nTimes , 1 ) )

SHF10mSurfacelevel=np . z e r o s ( (3∗ nTimes , 1 ) )

SHF10mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

WD10mSurfaceLevel=np . z e r o s ( (3∗ nTimes , 1 ) )

WD10mWRF=np . z e ro s ( (3∗ nTimes , 1 ) )

#Create ar rays with 72 measurements and WRF outputs f o r Wind v e l o c i t y

S10mSurfaceLevel123=np . concatenate ( ( S10mSurfaceLevel1 , S10mSurfaceLevel2 , S10mSurfaceLevel3 ) ,

a x i s=None )

S10mWRF123 = np . concatenate ( (S10mWRF1, S10mWRF2, S10mWRF3) , a x i s=None )
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#Calcu la te Bias and RMSE

S10Bias123 = np . nanmean(S10mWRF123−S10mSurfaceLevel123 )

S10RMSE123 = np . s q r t (np . nanmean ( (S10mWRF123−S10mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r Temperature

T2mSurfaceLevel123=np . concatenate ( ( T2mSurfaceLevel1 , T2mSurfaceLevel2 , T2mSurfaceLevel3 ) , a x i s=

None )

T2mWRF123 = np . concatenate ( (T2mWRF1, T2mWRF2, T2mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

T2Bias123 = np . nanmean(T2mWRF123−T2mSurfaceLevel123 )

T2RMSE123 = np . s q r t (np . nanmean ( (T2mWRF123−T2mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r Re la t i v e Humidity

RH2mSurfaceLevel123=np . concatenate ( ( RH2mSurfaceLevel1 , RH2mSurfaceLevel2 , RH2mSurfaceLevel3 ) ,

a x i s=None )

RH2mWRF123 = np . concatenate ( (RH2mWRF1, RH2mWRF2, RH2mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

RH2Bias123 = np . nanmean(RH2mWRF123−RH2mSurfaceLevel123 )

RH2RMSE123 = np . s q r t (np . nanmean ( (RH2mWRF123−RH2mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs f o r S e n s i b l e Heat Flux

SHF10mSurfaceLevel123=np . concatenate ( ( SHF10mSurfaceLevel1 , SHF10mSurfaceLevel2 ,

SHF10mSurfaceLevel3 ) , a x i s=None )

SHF10mWRF123 = np . concatenate ( (SHF10mWRF1, SHF10mWRF2, SHF10mWRF3) , a x i s=None )

#Calcu la te Bias and RMSE

SHF10Bias123 = np . nanmean(SHF10mWRF123−SHF10mSurfaceLevel123 )

SHF10RMSE123 = np . s q r t (np . nanmean ( (SHF10mWRF123−SHF10mSurfaceLevel123 ) ∗∗2) )

#Create ar rays with 72 measurements and WRF outputs o f wind d i r e c t i o n

WD10mSurfaceLevel123 = np . concatenate ( ( WD10mSurfaceLevel1 , WD10mSurfaceLevel2 ,

WD10mSurfaceLevel3 ) , a x i s=None )

WD10mWRF123 = np . concatenate ( (WD10mWRF1, WD10mWRF2, WD10mWRF3) , a x i s=None )

#Correct f o r magnetic i n c l i n a t i o n

WD10mSurfaceLevel123 = WD10mSurfaceLevel123 + phiMagDec

for x in range (0 , len ( WD10mSurfaceLevel123 ) ) :

i f WD10mSurfaceLevel123 [ x ] >= 360 :

WD10mSurfaceLevel123 [ x ] = WD10mSurfaceLevel123 [ x ] − 360

#Calcu la te d i f f e r e n c e in WD

DiffPhi10mSurfacelevelWRF123 = WD10mWRF123 − WD10mSurfaceLevel123

for x in range (0 , len ( DiffPhi10mSurfacelevelWRF123 ) ) :
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i f DiffPhi10mSurfacelevelWRF123 [ x ] <= −180:

DiffPhi10mSurfacelevelWRF123 [ x ] = DiffPhi10mSurfacelevelWRF123 [ x ] + 360

i f DiffPhi10mSurfacelevelWRF123 [ x ] >= 180 :

DiffPhi10mSurfacelevelWRF123 [ x ] = DiffPhi10mSurfacelevelWRF123 [ x ] − 360

#Calcu la te Bias and RMSE

WD10Bias123 = np . nanmean( DiffPhi10mSurfacelevelWRF123 )

WD10RMSE123 = np . s q r t (np . nanmean ( ( DiffPhi10mSurfacelevelWRF123 ) ∗∗2) )

#Print the e n t i r e b i a s and root mean square e r r o r o f S10m f o r a l l the data o f h o r i z o n t a l

wind speed at 10 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Hor i zonta l Wind Speed ’

)

print ( ’ S10mBias=’ , S10Bias123 )

print ( ’S10mRMSE=’ , S10RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f T2m f o r a l l the data o f temperature at

2 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Temperature ’ )

print ( ’ T2mBias=’ , T2Bias123 )

print ( ’T2mRMSE=’ ,T2RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f RH2m f o r a l l the data o f r e l a t i v e

humidity at 2 m

print ( ’ Bias , and Root Mean Square Error (RMSE) f o r a l l the medians o f Re l a t i v e Humidity ’ )

print ( ’RH2mBias=’ , RH2Bias123 )

print ( ’RH2mNMSE=’ ,RH2RMSE123)

# Print the e n t i r e b i a s and root mean square e r r o r o f SHF10m f o r a l l the data o f S e n s i b l e

Heat Flux at 10 m

print ( ’ Bias , F rac t i ona l Bias (FB) and Normalized Mean Square Error (NMSE) f o r a l l the

medians o f S e n s i b l e Heat Flux ’ )

print ( ’ SHF10mBias=’ , SHF10Bias123 )

print ( ’SHF10mRMSE=’ , SHF10RMSE123)

# Print the e n t i r e b i a s f o r a l l the data o f Wind Di r e c t i on at 10m

print ( ’ Bias (B) and RMSE f o r a l l the d i f f e r e n c e s o f wind d i r e c t i o n ( Degree ) ’ )

print ( ’WD10m50Bias=’ , WD10Bias123 )

print ( ’WD10m50RMSE=’ ,WD10RMSE123)

D.2.7 Two Samples Statistical Estimation
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import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine the Bias , RMSE, sample s i z e , and alpha

x1 = −0.29 #Bias (GTOPO)

s1 = 1.58 #RMSE (GTOPO

x2 = 0.02 #Bias (SRTM−LIDAR/LU/Lakes )

s2 = 1.57 #RMSE (SRTM−LIDAR/LU/Lakes )

n = 72 #Sample s i z e n1=n2=n

alpha = 0 .1 #(1−0.1)= 0 .9 means 90% Conf idence i n t e r v a l

#Determine degree o f freedom

#This equat ion i s s i m p l i f i e d as sample s i z e n1 and n2 are same

V = ( ( s1∗∗2+s2 ∗∗2) ∗∗2) / ( ( s1∗∗4+s2 ∗∗4) /(n−1) )

print ( ’ Degree o f freedom , V =’ ,V)

#Determine the c r i t i c a l va lue o f the t−d i s t r i b u t i o n

#From t−d i s t r i b u t i o n ta b l e ( en . w ik iped ia . org / wik i / Student ’ s t−d i s t r i b u t i o n ) , f o r alpha /2

which i s 0 .05 ( as alpha = 0 . 1 ) and c a l c u l a t e d V

t d i s t r i b u t i o n = 1.645

#Determine the minimum and maximum value

MinValue = ( x1−x2 ) − ( t d i s t r i b u t i o n ∗np . s q r t ( ( s1∗∗2+s2 ∗∗2) /n) )

MaxValue = ( x1−x2 ) + ( t d i s t r i b u t i o n ∗np . s q r t ( ( s1∗∗2+s2 ∗∗2) /n) )

print ( ’Minimum value = ’ , MinValue )

print ( ’Maximum value = ’ , MaxValue )

D.3 Code to Plot and Show the Comparison between

Observations and WRF

D.3.1 WRF Plotter to Observe the Hourly Variations of Meteo-

rological Properties

import numpy as np

import matp lo t l i b . pyplot as p l t

#p l t . rcParams . update ({ ’ f i g u r e . max open warning ’ : 0})

#Def ine t ex t and font

p l t . r c ( ’ t ex t ’ , usetex=True )

p l t . r c ( ’ f ont ’ , f ami ly=’ Times New Roman ’ , s i z e=’ 16 ’ )
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#Correc t ion o f de l taPhi

CorrDeltaPhi=14

#TANAB

#Def ine f i l e name

f i l ename1 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename1 )

Time GTOPO=data [ : , 0 ]

S50TANAB GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

dThetadz50TANAB GTOPO=data [ : , 1 0 ]

dThetadz50WRF GTOPO=data [ : , 1 3 ]

dThetadzFB GTOPO=data [ : , 1 5 ]

dThetadzNMSE GTOPO=data [ : , 1 6 ]

f i l ename2 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename2 )

Time SRTM=data [ : , 0 ]

S50TANAB SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

dThetadz50TANAB SRTM=data [ : , 1 0 ]

dThetadz50WRF SRTM=data [ : , 1 3 ]

dThetadzFB SRTM=data [ : , 1 5 ]

dThetadzNMSE SRTM=data [ : , 1 6 ]

f i l ename3 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename3 )

Time Land=data [ : , 0 ]

S50TANAB Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

dThetadz50TANAB Land=data [ : , 1 0 ]

dThetadz50WRF Land=data [ : , 1 3 ]

dThetadzFB Land=data [ : , 1 5 ]

dThetadzNMSE Land=data [ : , 1 6 ]

f i l ename4 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToTANAB 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename4 )
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Time LandLake=data [ : , 0 ]

S50TANAB LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

dThetadz50TANAB LandLake=data [ : , 1 0 ]

dThetadz50WRF LandLake=data [ : , 1 3 ]

dThetadzFB LandLake=data [ : , 1 5 ]

dThetadzNMSE LandLake=data [ : , 1 6 ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO,S50TANAB GTOPO, c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7, marke r f aceco l o r

=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (TANAB) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (TANAB) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (TANAB) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, dThetadz50TANAB GTOPO, c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (TANAB) ’ )

p l t . p l o t (Time GTOPO, dThetadz50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r

=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, dThetadz50WRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, dThetadz50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, dThetadz50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Temperature Gradient [K m${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Temperature Gradient (TANAB) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )
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p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography Temperature Gradient (TANAB) . png ’ , dpi =800)

f i g . show ( )

#UofASonic1

#Def ine f i l e name f o r UofAUltraSonic1

f i l ename5 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename5 )

Time GTOPO=data [ : , 0 ]

S50UofASonic1 GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

SHF50UofASonic1 GTOPO=data [ : , 2 6 ]

SHF50WRF GTOPO=data [ : , 2 9 ]

SHF50UofASonic1FB GTOPO=data [ : , 3 1 ]

SHF50UofASonic1NMSE GTOPO=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi

f i l ename6 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename6 )

Time SRTM=data [ : , 0 ]

S50UofASonic1 SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

SHF50UofASonic1 SRTM=data [ : , 2 6 ]

SHF50WRF SRTM=data [ : , 2 9 ]

SHF50UofASonic1FB SRTM=data [ : , 3 1 ]

SHF50UofASonic1NMSE SRTM=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename7 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename7 )

Time Land=data [ : , 0 ]

S50UofASonic1 Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

SHF50UofASonic1 Land=data [ : , 2 6 ]

SHF50WRF Land=data [ : , 2 9 ]

SHF50UofASonic1FB Land=data [ : , 3 1 ]

SHF50UofASonic1NMSE Land=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename8=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic1 68 69 70 . txt ”
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data = np . l oadtx t ( f i l ename8 )

Time LandLake=data [ : , 0 ]

S50UofASonic1 LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

SHF50UofASonic1 LandLake=data [ : , 2 6 ]

SHF50WRF LandLake=data [ : , 2 9 ]

SHF50UofASonic1FB LandLake=data [ : , 3 1 ]

SHF50UofASonic1NMSE LandLake=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, S50UofASonic1 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (3D Ul t ra son i c1 ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (3D Ul t ra son i c1 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (3D Ul t ra son i c1 ) . png ’ ,

dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (3D Ul t ra son i c1 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )
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f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (3D Ul t ra son i c1 ) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, SHF50UofASonic1 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (3D Ul t ra son i c1 ) ’ )

p l t . p l o t (Time GTOPO,SHF50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,SHF50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, SHF50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r

=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, SHF50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lake ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . yl im (−70 ,599)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ S e n s i b l e Heat Flux [W m${ˆ{−2}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on S e n s i b l e Heat Flux (3D Ul t ra son i c1 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on S e n s i b l e Heat Flux (3D Ul t ra son i c1 ) . png ’ , dpi =800)

f i g . show ( )

#UofASonic2

f i l ename9 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename9 )

Time GTOPO=data [ : , 0 ]

S50UofASonic2 GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

SHF50UofASonic2 GTOPO=data [ : , 2 6 ]

SHF50WRF GTOPO=data [ : , 2 9 ]

SHF50UofASonic2FB GTOPO=data [ : , 3 1 ]

SHF50UofASonic2NMSE GTOPO=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi

f i l ename10 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename10 )

Time SRTM=data [ : , 0 ]

203



S50UofASonic2 SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

SHF50UofASonic2 SRTM=data [ : , 2 6 ]

SHF50WRF SRTM=data [ : , 2 9 ]

SHF50UofASonic2FB SRTM=data [ : , 3 1 ]

SHF50UofASonic2NMSE SRTM=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename11 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename11 )

Time Land=data [ : , 0 ]

S50UofASonic2 Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

SHF50UofASonic2 Land=data [ : , 2 6 ]

SHF50WRF Land=data [ : , 2 9 ]

SHF50UofASonic2FB Land=data [ : , 3 1 ]

SHF50UofASonic2NMSE Land=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename12=” S t a t i s t i c a l A n a l y s i s /WRFCompareToUofASonic2 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename12 )

Time LandLake=data [ : , 0 ]

S50UofASonic2 LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

SHF50UofASonic2 LandLake=data [ : , 2 6 ]

SHF50WRF LandLake=data [ : , 2 9 ]

SHF50UofASonic2FB LandLake=data [ : , 3 1 ]

SHF50UofASonic2NMSE LandLake=data [ : , 3 2 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, S50UofASonic2 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (3D Ul t ra son i c2 ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)
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p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (3D Ul t ra son i c2 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (3D Ul t ra son i c2 ) . png ’ ,

dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (3D Ul t ra son i c2 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (3D Ul t ra son i c2 ) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, SHF50UofASonic2 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (3D Ul t ra son i c2 ) ’ )

p l t . p l o t (Time GTOPO,SHF50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,SHF50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, SHF50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r

=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, SHF50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lake ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . yl im (−70 ,599)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ S e n s i b l e Heat Flux [W m${ˆ{−2}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on S e n s i b l e Heat Flux (3D Ul t ra son i c2 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on S e n s i b l e Heat Flux (3D Ul t ra son i c2 ) . png ’ , dpi =800)

f i g . show ( )
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#RWDISonic1

f i l ename13 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename13 )

Time GTOPO=data [ : , 0 ]

S50RWDISonic1 GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi

f i l ename14 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename14 )

Time SRTM=data [ : , 0 ]

S50RWDISonic1 SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename15 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename15 )

Time Land=data [ : , 0 ]

S50RWDISonic1 Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename16=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic1 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename16 )

Time LandLake=data [ : , 0 ]

S50RWDISonic1 LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, S50RWDISonic1 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (2D Ul t ra son i c1 ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )
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p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c1 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c1 ) . png ’ ,

dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c1 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c1 ) . png ’ , dpi =800)

f i g . show ( )

#RWDISonic2

f i l ename17 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename17 )

Time GTOPO=data [ : , 0 ]

S50RWDISonic2 GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi
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f i l ename18 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename18 )

Time SRTM=data [ : , 0 ]

S50RWDISonic2 SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename19 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename19 )

Time Land=data [ : , 0 ]

S50RWDISonic2 Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename20=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic2 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename20 )

Time LandLake=data [ : , 0 ]

S50RWDISonic2 LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, S50RWDISonic2 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (2D Ul t ra son i c2 ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c2 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c2 ) . png ’ ,

dpi =800)
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f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c2 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c2 ) . png ’ , dpi =800)

f i g . show ( )

#RWDISonic3

f i l ename21 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename21 )

Time GTOPO=data [ : , 0 ]

S50RWDISonic3 GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi

f i l ename22 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename22 )

Time SRTM=data [ : , 0 ]

S50RWDISonic3 SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename23 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename23 )
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Time Land=data [ : , 0 ]

S50RWDISonic3 Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename24=” S t a t i s t i c a l A n a l y s i s /WRFCompareToRWDISonic3 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename24 )

Time LandLake=data [ : , 0 ]

S50RWDISonic3 LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, S50RWDISonic3 GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (2D Ul t ra son i c3 ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c3 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (2D Ul t ra son i c3 ) . png ’ ,

dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)
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p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c3 ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (2D Ul t ra son i c3 ) . png ’ , dpi =800)

f i g . show ( )

#Mine T r a i l e r

f i l ename25 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 59 60 61 . txt ”

data = np . l oadtx t ( f i l ename25 )

Time GTOPO=data [ : , 0 ]

T50MineTrailer GTOPO=data [ : , 1 0 ]

T50WRF GTOPO=data [ : , 1 3 ]

TFB GTOPO=data [ : , 1 5 ]

TNMSE GTOPO=data [ : , 1 6 ]

RH50MineTrailer GTOPO=data [ : , 1 8 ]

RH50WRF GTOPO=data [ : , 2 1 ]

RHFB GTOPO=data [ : , 2 3 ]

RHNMSE GTOPO=data [ : , 2 4 ]

f i l ename26 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename26 )

Time SRTM=data [ : , 0 ]

T50MineTrailer SRTM=data [ : , 1 0 ]

T50WRF SRTM=data [ : , 1 3 ]

TFB SRTM=data [ : , 1 5 ]

TNMSE SRTM=data [ : , 1 6 ]

RH50MineTrailer SRTM=data [ : , 1 8 ]

RH50WRF SRTM=data [ : , 2 1 ]

RHFB SRTM=data [ : , 2 3 ]

RHNMSE SRTM=data [ : , 2 4 ]

f i l ename27 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename27 )

Time Land=data [ : , 0 ]

T50MineTrailer Land=data [ : , 1 0 ]

T50WRF Land=data [ : , 1 3 ]

TFB Land=data [ : , 1 5 ]

TNMSE Land=data [ : , 1 6 ]

RH50MineTrailer Land=data [ : , 1 8 ]

RH50WRF Land=data [ : , 2 1 ]

RHFB Land=data [ : , 2 3 ]

RHNMSE Land=data [ : , 2 4 ]

f i l ename28 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToMineTrailer 68 69 70 . txt ”
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data = np . l oadtx t ( f i l ename28 )

Time LandLake=data [ : , 0 ]

T50MineTrailer LandLake=data [ : , 1 0 ]

T50WRF LandLake=data [ : , 1 3 ]

TFB LandLake=data [ : , 1 5 ]

TNMSE LandLake=data [ : , 1 6 ]

RH50MineTrailer LandLake=data [ : , 1 8 ]

RH50WRF LandLake=data [ : , 2 1 ]

RHFB LandLake=data [ : , 2 3 ]

RHNMSE LandLake=data [ : , 2 4 ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, T50MineTrailer GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental ( Weather Sta t i on ) ’ )

p l t . p l o t (Time GTOPO,T50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,T50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, T50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, T50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Temperature [K] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Temperature ( Weather Stat i on ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Temperature ( Weather Stat i on ) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, RH50MineTrailer GTOPO , c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental ( Weather Sta t i on ) ’ )

p l t . p l o t (Time GTOPO,RH50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,RH50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, RH50WRF Land, c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=

’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, RH50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Re l a t i v e Humidity [\%] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Re la t i v e Humidity ( Weather Stat i on ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Re la t i v e Humidity ( Weather Sta t i on ) . png ’ , dpi =800)

f i g . show ( )
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#WBEA Cup Anemometer

f i l ename29 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename29 )

Time GTOPO=data [ : , 0 ]

S50WBEACupAnemometer GTOPO=data [ : , 2 ]

S50WRF GTOPO=data [ : , 5 ]

SMeanFB GTOPO=data [ : , 7 ]

SMeanNMSE GTOPO=data [ : , 8 ]

T50WBEACupAnemometer GTOPO=data [ : , 1 0 ]

T50WRF GTOPO=data [ : , 1 3 ]

TFB GTOPO=data [ : , 1 5 ]

TNMSE GTOPO=data [ : , 1 6 ]

RH50WBEACupAnemometer GTOPO=data [ : , 1 8 ]

RH50WRF GTOPO=data [ : , 2 1 ]

RHFB GTOPO=data [ : , 2 3 ]

RHNMSE GTOPO=data [ : , 2 4 ]

deltaPhi50SurfacelevelWRF GTOPO=data [ : , 34 ] − CorrDeltaPhi

f i l ename30 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename30 )

Time SRTM=data [ : , 0 ]

S50WBEACupAnemometer SRTM=data [ : , 2 ]

S50WRF SRTM=data [ : , 5 ]

SMeanFB SRTM=data [ : , 7 ]

SMeanNMSE SRTM=data [ : , 8 ]

T50WBEACupAnemometer SRTM=data [ : , 1 0 ]

T50WRF SRTM=data [ : , 1 3 ]

TFB SRTM=data [ : , 1 5 ]

TNMSE SRTM=data [ : , 1 6 ]

RH50WBEACupAnemometer SRTM=data [ : , 1 8 ]

RH50WRF SRTM=data [ : , 2 1 ]

RHFB SRTM=data [ : , 2 3 ]

RHNMSE SRTM=data [ : , 2 4 ]

deltaPhi50SurfacelevelWRF SRTM=data [ : , 34 ] − CorrDeltaPhi

f i l ename31 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename31 )

Time Land=data [ : , 0 ]

S50WBEACupAnemometer Land=data [ : , 2 ]

S50WRF Land=data [ : , 5 ]

SMeanFB Land=data [ : , 7 ]

SMeanNMSE Land=data [ : , 8 ]

T50WBEACupAnemometer Land=data [ : , 1 0 ]

T50WRF Land=data [ : , 1 3 ]

TFB Land=data [ : , 1 5 ]
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TNMSE Land=data [ : , 1 6 ]

RH50WBEACupAnemometer Land=data [ : , 1 8 ]

RH50WRF Land=data [ : , 2 1 ]

RHFB Land=data [ : , 2 3 ]

RHNMSE Land=data [ : , 2 4 ]

deltaPhi50SurfacelevelWRF Land=data [ : , 34 ] − CorrDeltaPhi

f i l ename32=” S t a t i s t i c a l A n a l y s i s /WRFCompareToWBEACup 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename32 )

Time LandLake=data [ : , 0 ]

S50WBEACupAnemometer LandLake=data [ : , 2 ]

S50WRF LandLake=data [ : , 5 ]

SMeanFB LandLake=data [ : , 7 ]

SMeanNMSE LandLake=data [ : , 8 ]

T50WBEACupAnemometer LandLake=data [ : , 1 0 ]

T50WRF LandLake=data [ : , 1 3 ]

TFB LandLake=data [ : , 1 5 ]

TNMSE LandLake=data [ : , 1 6 ]

RH50WBEACupAnemometer LandLake=data [ : , 1 8 ]

RH50WRF LandLake=data [ : , 2 1 ]

RHFB LandLake=data [ : , 2 3 ]

RHNMSE LandLake=data [ : , 2 4 ]

deltaPhi50SurfacelevelWRF LandLake=data [ : , 34 ] − CorrDeltaPhi

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO,S50WBEACupAnemometer GTOPO, c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (WBEA Stat ion ) ’ )

p l t . p l o t (Time GTOPO,S50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,S50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, S50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, S50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (WBEA Stat ion ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (WBEA Stat ion ) . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF GTOPO , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )
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p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF SRTM , c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, deltaPhi50SurfacelevelWRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . axh l ine (0 , c o l o r=’ black ’ , lw =0.1)

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Wind Di r e c t i on (WBEA Stat ion ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (WBEA Stat ion ) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO,T50WBEACupAnemometer GTOPO, c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (WBEA Stat ion ) ’ )

p l t . p l o t (Time GTOPO,T50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’

, l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,T50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, T50WRF Land , c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, T50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)

p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Temperature [K] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Temperature (WBEA Stat ion ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Temperature (WBEA Stat ion ) . png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (Time GTOPO,RH50WBEACupAnemometer GTOPO, c o l o r=’ darkblue ’ , marker=’ o ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (WBEA Stat ion ) ’ )

p l t . p l o t (Time GTOPO,RH50WRF GTOPO, c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none

’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (Time GTOPO,RH50WRF SRTM, c o l o r=’ green ’ , marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (Time GTOPO, RH50WRF Land, c o l o r=’ goldenrod ’ , marker=’< ’ , markers i ze =7, marke r f aceco l o r=

’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (Time GTOPO, RH50WRF LandLake , c o l o r=’m’ , marker=’> ’ , markers i ze =7, marke r f aceco l o r=’

none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes ) ’ )

p l t . xl im ( −0 .5 ,23 .5)
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p l t . x l a b e l ( ’ Mountain Standard Time (MST) [ hr ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Re l a t i v e Humidity [\%] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Re la t i v e Humidity (WBEA Stat i on ) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Re la t i v e Humidity (WBEA Stat ion ) . png ’ , dpi =800)

f i g . show ( )

#SODAR

f i l ename33 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 59 60 61 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename33 )

Time GTOPO=data [ : , 0 ]

Altitude GTOPO=data [ : , 2 ]

S50SODAR GTOPO=data [ : , 3 ]

S50WRF GTOPO=data [ : , 6 ]

SMeanFB GTOPO=data [ : , 9 ]

SMeanNMSE GTOPO=data [ : , 1 0 ]

W50SODAR GTOPO=data [ : , 1 1 ]

W50WRF GTOPO=data [ : , 1 4 ]

WMeanFB GTOPO=data [ : , 1 7 ]

WMeanNMSE GTOPO=data [ : , 1 8 ]

deltaPhi50SODARWRF GTOPO=data [ : , 19 ] − CorrDeltaPhi

f i l ename34 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 62 63 64 . txt ”

data = np . l oadtx t ( f i l ename34 )

Time SRTM=data [ : , 0 ]

Altitude SRTM=data [ : , 2 ]

S50SODAR SRTM=data [ : , 3 ]

S50WRF SRTM=data [ : , 6 ]

SMeanFB SRTM=data [ : , 9 ]

SMeanNMSE SRTM=data [ : , 1 0 ]

W50SODAR SRTM=data [ : , 1 1 ]

W50WRF SRTM=data [ : , 1 4 ]

WMeanFB SRTM=data [ : , 1 7 ]

WMeanNMSE SRTM=data [ : , 1 8 ]

deltaPhi50SODARWRF SRTM=data [ : , 19 ] − CorrDeltaPhi

f i l ename35 =” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 65 66 67 . txt ”

data = np . l oadtx t ( f i l ename35 )

Time Land=data [ : , 0 ]

Alt i tude Land=data [ : , 2 ]

S50SODAR Land=data [ : , 3 ]
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S50WRF Land=data [ : , 6 ]

SMeanFB Land=data [ : , 9 ]

SMeanNMSE Land=data [ : , 1 0 ]

W50SODAR Land=data [ : , 1 1 ]

W50WRF Land=data [ : , 1 4 ]

WMeanFB Land=data [ : , 1 7 ]

WMeanNMSE Land=data [ : , 1 8 ]

deltaPhi50SODARWRF Land=data [ : , 19 ] − CorrDeltaPhi

f i l ename36=” S t a t i s t i c a l A n a l y s i s /WRFCompareToSODAR 68 69 70 . txt ”

data = np . l oadtx t ( f i l ename36 )

Time LandLake=data [ : , 0 ]

Alt itude LandLake=data [ : , 2 ]

S50SODAR LandLake=data [ : , 3 ]

S50WRF LandLake=data [ : , 6 ]

SMeanFB LandLake=data [ : , 9 ]

SMeanNMSE LandLake=data [ : , 1 0 ]

W50SODAR LandLake=data [ : , 1 1 ]

W50WRF LandLake=data [ : , 1 4 ]

WMeanFB LandLake=data [ : , 1 7 ]

WMeanNMSE LandLake=data [ : , 1 8 ]

deltaPhi50SODARWRF LandLake=data [ : , 19 ] − CorrDeltaPhi

i n d a l 0 4= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==0) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (S50WRF SRTM[ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [0 −4 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (W50SODAR GTOPO [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,
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markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [0 −4 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ red ’ , marker=’ s

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ green ’ , marker=’

ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )

p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 0 4 ] , Altitude GTOPO [ i n d a l 0 4 ] , c o l o r=’m’ , marker=’

> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/

Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [0 −4 ] . png ’ , dpi =800)

f i g . show ( )

i n d a l 4 8= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==4) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )
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p l t . p l o t (S50WRF SRTM[ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [4 −8 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (W50SODAR GTOPO [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [4 −8 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ red ’ , marker=’ s

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ green ’ , marker=’

ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )
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p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 4 8 ] , Altitude GTOPO [ i n d a l 4 8 ] , c o l o r=’m’ , marker=’

> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/

Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [4 −8 ] . png ’ , dpi =800)

f i g . show ( )

i n d a l 8 1 2= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==8) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (S50WRF SRTM[ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [8 −12 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (W50SODAR GTOPO [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )
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p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [8 −12 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ red ’ , marker=

’ s ’ , markers i ze =7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ green ’ , marker

=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )

p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 8 1 2 ] , Altitude GTOPO [ i n d a l 8 1 2 ] , c o l o r=’m’ , marker

=’> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/

Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [8 −12 ] . png ’ , dpi =800)

f i g . show ( )

i n d a l 1 2 1 6= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==12) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (S50WRF SRTM[ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)
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p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [12 −16 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (W50SODAR GTOPO [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [12 −16 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ red ’ ,

marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ green ’ ,

marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )

p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 1 2 1 6 ] , Altitude GTOPO [ i n d a l 1 2 1 6 ] , c o l o r=’m’ ,

marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use/Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )
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p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [12 −16 ] . png ’ , dpi =800)

f i g . show ( )

i n d a l 1 6 2 0= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==16) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (S50WRF SRTM[ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [16 −20 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (W50SODAR GTOPO [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [16 −20 ] . png ’ , dpi

=800)
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f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ red ’ ,

marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ green ’ ,

marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )

p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 1 6 2 0 ] , Altitude GTOPO [ i n d a l 1 6 2 0 ] , c o l o r=’m’ ,

marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use/Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [16 −20 ] . png ’ , dpi =800)

f i g . show ( )

i n d a l 2 0 2 4= [ x for x in range (0 , len ( Altitude GTOPO ) ) i f (Time GTOPO[ x]==20) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t (S50SODAR GTOPO [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (S50WRF GTOPO[ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (S50WRF SRTM[ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (S50WRF Land [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (S50WRF LandLake [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) [20 −24 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )
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p l t . p l o t (W50SODAR GTOPO [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ darkblue ’ , marker=’ o

’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Experimental (SODAR) ’ )

p l t . p l o t (W50WRF GTOPO[ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ red ’ , marker=’ s ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (W50WRF SRTM[ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (W50WRF Land[ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ goldenrod ’ , marker=’< ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use ) ’ )

p l t . p l o t (W50WRF LandLake [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’m’ , marker=’> ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/Land Use/Lakes

) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

p l t . axv l i n e (0 , c o l o r=’ black ’ , lw =0.1)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) [20 −24 ] . png ’ , dpi

=800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t (deltaPhi50SODARWRF GTOPO [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ red ’ ,

marker=’ s ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (GTOPO) ’ )

p l t . p l o t (deltaPhi50SODARWRF SRTM [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ green ’ ,

marker=’ ˆ ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR) ’ )

p l t . p l o t (deltaPhi50SODARWRF Land [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’ goldenrod ’ ,

marker=’< ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use ) ’ )

p l t . p l o t (deltaPhi50SODARWRF LandLake [ i n d a l 2 0 2 4 ] , Altitude GTOPO [ i n d a l 2 0 2 4 ] , c o l o r=’m’ ,

marker=’> ’ , markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’WRF (SRTM−LIDAR/

Land Use/Lakes ) ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Bias o f Wind Di r e c t i on $\Delta \phi$ [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on V e r t i c a l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 10 .5 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / E f f e c t o f Topography on Wind Di r e c t i on (SODAR) [20 −24 ] . png ’ , dpi =800)

f i g . show ( )

p l t . show ( )

D.3.2 WRF Contour Plotter to Analyze Spatial Distribution

import random

import sys
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import os

import matp lo t l i b . pyplot as p l t

import numpy as np

#Def ine t ex t and font

p l t . r c ( ’ t ex t ’ , usetex=True )

p l t . r c ( ’ f ont ’ , f ami ly=’ Times New Roman ’ , s i z e=’ 16 ’ )

#Def ine a step f o r jumping over l a t and lon when p l o t t i n g normal ized wind ve c t o r s

#The step must be a d i v i s o r f o r both Nx and Ny in WRF

#For example i f Nx = Ny = 152 = 2 x 2 x 2 x 19

#The step can be 2 , 4 , 8 , 19 , 38 , e t c . . .

l a t l o n s t e p=8

d la t =0.004

dlon =0.006

l a t l o n T o l =0.002

f i l ename =”Mine 68/ wrfout d05 2018−05−18 02 00 00 . txt ”

#f i l ename =”Mine 68/ wrfout d05 2018−05−18 06 00 00 . txt ”

#f i l ename =”Mine 68/ wrfout d05 2018−05−18 10 00 00 . txt ”

#f i l ename =”Mine 68/ wrfout d05 2018−05−18 14 00 00 . txt ”

#f i l ename =”Mine 68/ wrfout d05 2018−05−18 18 00 00 . txt ”

#f i l ename =”Mine 68/ wrfout d05 2018−05−18 22 00 00 . txt ”

#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename )

lon=data [ : , 2 ]

l a t=data [ : , 3 ]

he ight=data [ : , 4 ]

land=data [ : , 5 ]

ptemp=data [ : , 6 ]

smean=data [ : , 7 ]

skintemp=data [ : , 8 ]

u10=data [ : , 9 ]

v10=data [ : , 1 0 ]

RH=data [ : , 1 1 ]

HFX=data [ : , 1 2 ]

lonmin=np .min( lon )

lonmax=np .max( lon )

latmin=np .min( l a t )

latmax=np .max( l a t )

#Height from Sea Leve l

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]
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hz=p l t . t r i c o n t o u r f ( lon , l a t , he ight , cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (200 ,520 ,33) )

p l t . c o l o rba r ( hz , l a b e l=’ Sur face Height from Sea Level (m) ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s / Sur face Height from Sea Leve l (GTOPO) . png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Sur face Height from Sea Leve l (SRTM) . png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Sur face Height from Sea Leve l (SRTM Land) . png ’ , dpi =800)

p l t . s a v e f i g ( ’ P lo t s / Sur face Height from Sea Level (SRTM Land Lake ) . png ’ , dpi =800)

f i g . show ( )

#Land Use Index

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t , land , cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (0 , 21 ,22 ) )

#, l e v e l s=np . l i n s p a c e (286 ,295 ,10)

p l t . c o l o rba r ( hz , l a b e l=’ Land Use Index ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s /Land Use Index (GTOPO) . png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s /Land Use Index (SRTM) . png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s /Land Use Index (SRTM Land) . png ’ , dpi =800)

p l t . s a v e f i g ( ’ P lo t s /Land Use Index (SRTM Land Lake ) . png ’ , dpi =800)

f i g . show ( )

#P ote n t i a l temperature at 2 m

f i g = p l t . f i g u r e ( )
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ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t , ptemp , cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (272 ,300 ,29) )

#, l e v e l s=np . l i n s p a c e (286 ,295 ,10)

p l t . c o l o rba r ( hz , l a b e l=’ Po t en t i a l Temperature (K) ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s / Po t en t i a l Temperature (GTOPO) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Po t en t i a l Temperature (SRTM) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Po t en t i a l Temperature (SRTM Land) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Po t en t i a l Temperature (SRTM Land Lake ) at 0200 MST. png ’ , dpi =800)

f i g . show ( )

#Wind Ve loc i ty at 10 m

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t , smean , cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (0 , 6 , 25 ) )

p l t . c o l o rba r ( hz , l a b e l=’ Hor i zonta l Wind Ve loc i ty (m s$ˆ{−1}$ ) ’ )

#Loop over l a t and lon to p l o t normal ized wind v ec to r s

for i in range (0 , np . s i z e ( l a t ) , l a t l o n s t e p ) :

i f ( lon [ i ]−np . f l o o r ( lon [ i ]∗ ( 1/ dlon ) ) ∗dlon < l a t l o n T o l ) and ( l a t [ i ]−np . f l o o r ( l a t [ i ]∗ ( 1/

d l a t ) ) ∗ d la t < l a t l o n T o l ) :

p l t . qu ive r ( lon [ i ] , l a t [ i ] , u10 [ i ] / ( np . s q r t ( u10 [ i ]∗∗2+ v10 [ i ]∗∗2 ) ) , v10 [ i ] / ( np . s q r t (

u10 [ i ]∗∗2+ v10 [ i ]∗∗2 ) ) , p ivot=’ mid ’ , width =0.003)

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . xl im ( lonmin , lonmax )

p l t . yl im ( latmin , latmax )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty (GTOPO) at 0200 MST. png ’ , dpi =800)
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#p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty (SRTM) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty (SRTM Land) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty (SRTM Land Lake ) at 0200 MST. png ’ , dpi =800)

f i g . show ( )

#Skin temperature

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t , skintemp , cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (270 ,312 ,43) )

#, l e v e l s=np . l i n s p a c e (286 ,295 ,10)

p l t . c o l o rba r ( hz , l a b e l=’ Skin Temperature (K) ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s / Skin Temperature (GTOPO) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Skin Temperature (SRTM) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Skin Temperature (SRTM Land) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Skin Temperature (SRTM Land Lake ) at 0200 MST. png ’ , dpi =800)

f i g . show ( )

#Re la t i v e Humidity at 2 m

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t ,RH, cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (0 ,100 ,101) )

#, l e v e l s=np . l i n s p a c e (286 ,295 ,10)

p l t . c o l o rba r ( hz , l a b e l=’ Re la t i v e Humidity ( $\%$ ) ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)
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f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s / Re la t i v e Humidity (GTOPO) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Re la t i v e Humidity (SRTM) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / Re la t i v e Humidity (SRTM Land) at 0200 MST. png ’ , dpi =800)

p l t . s a v e f i g ( ’ P lo t s / Re la t i v e Humidity (SRTM Land Lake ) at 0200 MST. png ’ , dpi =800)

f i g . show ( )

#Heat f l u x at 10 m

f i g = p l t . f i g u r e ( )

ax = p l t . gca ( )

#l e v e l s = [ 0 , 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ]

hz=p l t . t r i c o n t o u r f ( lon , l a t ,HFX, cmap=p l t . get cmap ( ’ j e t ’ ) , l e v e l s=np . l i n s p a c e (−130 ,470 ,61) )

#, l e v e l s=np . l i n s p a c e (286 ,295 ,10)

p l t . c o l o rba r ( hz , l a b e l=’ V e r t i c a l Turbulent Heat Flux (W m$ˆ{−2}$ ) ’ )

ax . s e t x t i c k s

([−111.98599243 ,−111.93679810 ,−111.88760376 ,−111.83615112 ,−111.78671265 ,−111.73519897 ,−111.68626404])

ax . s e t x t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

ax . s e t y t i c k s ( [ 57 . 24551010 , 57 .27220917 , 57 .29991913 , 57 .32666397 , 57 .35321426 , 57 .37996674 ,

57 . 40763474 ] )

ax . s e t y t i c k l a b e l s ( [ ’ 0 ’ , ’ 3 ’ , ’ 6 ’ , ’ 9 ’ , ’ 12 ’ , ’ 15 ’ , ’ 18 ’ ] )

p l t . x l a b e l ( ’ Distance from West to East [km] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ Distance from South to North [km] ’ , f o n t s i z e =18)

f i g . t i g h t l a y o u t ( )

#p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Turbulent Heat Flux (GTOPO) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Turbulent Heat Flux (SRTM) at 0200 MST. png ’ , dpi =800)

#p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Turbulent Heat Flux (SRTM Land) at 0200 MST. png ’ , dpi =800)

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Turbulent Heat Flux (SRTM Land Lake ) at 0200 MST. png ’ , dpi =800)

f i g . show ( )

p l t . show ( )

D.3.3 WRF Profile Plotter

import numpy as np

import matp lo t l i b . pyplot as p l t

#p l t . rcParams . update ({ ’ f i g u r e . max open warning ’ : 0})

#Def ine t ex t and font

p l t . r c ( ’ t ex t ’ , usetex=True )

p l t . r c ( ’ f ont ’ , f ami ly=’ Times New Roman ’ , s i z e=’ 16 ’ )

#SODAR

f i l ename1 =”Mine 68/ wrfout 2018−05−18 F o r e s t P r o f i l e . txt ”
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#Load a l l data in a matrix

data = np . l oadtx t ( f i l ename1 )

Time Forest=data [ : , 0 ]

A l t i t u d e F o r e s t=data [ : , 1 ]

S Fores t=data [ : , 4 ]

W Forest=data [ : , 5 ]

D Forest=data [ : , 6 ]

PT Forest=data [ : , 9 ]

f i l ename2 =”Mine 68/ wrfout 2018−05−18 PondPro f i l e . txt ”

data = np . l oadtx t ( f i l ename2 )

Time Pond=data [ : , 0 ]

Alt itude Pond=data [ : , 1 ]

S Pond=data [ : , 4 ]

W Pond=data [ : , 5 ]

D Pond=data [ : , 6 ]

PT Pond=data [ : , 9 ]

f i l ename3 =”Mine 68/ wrfout 2018−05−18 B a r r e n P r o f i l e . txt ”

data = np . l oadtx t ( f i l ename3 )

Time Barren=data [ : , 0 ]

A l t i tude Barren=data [ : , 1 ]

S Barren=data [ : , 4 ]

W Barren=data [ : , 5 ]

D Barren=data [ : , 6 ]

PT Barren=data [ : , 9 ]

f i l ename4=”Mine 68/ wrfout 2018−05−18 MinePro f i l e . txt ”

data = np . l oadtx t ( f i l ename4 )

Time Mine=data [ : , 0 ]

Alt i tude Mine=data [ : , 1 ]

S Mine=data [ : , 4 ]

W Mine=data [ : , 5 ]

D Mine=data [ : , 6 ]

PT Mine=data [ : , 9 ]

ind t ime 02= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==2) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 02 ] , A l t i t u d e F o r e s t [ ind t ime 02 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t ( S Pond [ ind t ime 02 ] , Alt itude Pond [ ind t ime 02 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( S Barren [ ind t ime 02 ] , A l t i tude Barren [ ind t ime 02 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )
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p l t . p l o t ( S Mine [ ind t ime 02 ] , Alt i tude Mine [ ind t ime 02 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 0200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 02 ] , A l t i t u d e F o r e s t [ ind t ime 02 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 02 ] , Alt itude Pond [ ind t ime 02 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 02 ] , A l t i tude Barren [ ind t ime 02 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 02 ] , Alt i tude Mine [ ind t ime 02 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 0200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 02 ] , A l t i t u d e F o r e s t [ ind t ime 02 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 02 ] , Alt itude Pond [ ind t ime 02 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 02 ] , A l t i tude Barren [ ind t ime 02 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 02 ] , Alt i tude Mine [ ind t ime 02 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 0200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 02 ] , A l t i t u d e F o r e s t [ ind t ime 02 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,
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markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 02 ] , Alt itude Pond [ ind t ime 02 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 02 ] , A l t i tude Barren [ ind t ime 02 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 02 ] , Alt i tude Mine [ ind t ime 02 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 0200 MST. png ’ , dpi =800)

f i g . show ( )

ind t ime 06= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==6) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 06 ] , A l t i t u d e F o r e s t [ ind t ime 06 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t ( S Pond [ ind t ime 06 ] , Alt itude Pond [ ind t ime 06 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( S Barren [ ind t ime 06 ] , A l t i tude Barren [ ind t ime 06 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( S Mine [ ind t ime 06 ] , Alt i tude Mine [ ind t ime 06 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 0600 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 06 ] , A l t i t u d e F o r e s t [ ind t ime 06 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 06 ] , Alt itude Pond [ ind t ime 06 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 06 ] , A l t i tude Barren [ ind t ime 06 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 06 ] , Alt i tude Mine [ ind t ime 06 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)
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#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 0600 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 06 ] , A l t i t u d e F o r e s t [ ind t ime 06 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 06 ] , Alt itude Pond [ ind t ime 06 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 06 ] , A l t i tude Barren [ ind t ime 06 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 06 ] , Alt i tude Mine [ ind t ime 06 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 0600 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 06 ] , A l t i t u d e F o r e s t [ ind t ime 06 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 06 ] , Alt itude Pond [ ind t ime 06 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 06 ] , A l t i tude Barren [ ind t ime 06 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 06 ] , Alt i tude Mine [ ind t ime 06 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 0600 MST. png ’ , dpi =800)

f i g . show ( )

ind t ime 10= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==10) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 10 ] , A l t i t u d e F o r e s t [ ind t ime 10 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t ( S Pond [ ind t ime 10 ] , Alt itude Pond [ ind t ime 10 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )
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p l t . p l o t ( S Barren [ ind t ime 10 ] , A l t i tude Barren [ ind t ime 10 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( S Mine [ ind t ime 10 ] , Alt i tude Mine [ ind t ime 10 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1000 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 10 ] , A l t i t u d e F o r e s t [ ind t ime 10 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 10 ] , Alt itude Pond [ ind t ime 10 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 10 ] , A l t i tude Barren [ ind t ime 10 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 10 ] , Alt i tude Mine [ ind t ime 10 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1000 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 10 ] , A l t i t u d e F o r e s t [ ind t ime 10 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 10 ] , Alt itude Pond [ ind t ime 10 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 10 ] , A l t i tude Barren [ ind t ime 10 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 10 ] , Alt i tude Mine [ ind t ime 10 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 1000 MST. png ’ , dpi =800)

f i g . show ( )
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f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 10 ] , A l t i t u d e F o r e s t [ ind t ime 10 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 10 ] , Alt itude Pond [ ind t ime 10 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 10 ] , A l t i tude Barren [ ind t ime 10 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 10 ] , Alt i tude Mine [ ind t ime 10 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 1000 MST. png ’ , dpi =800)

f i g . show ( )

ind t ime 14= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==14) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 14 ] , A l t i t u d e F o r e s t [ ind t ime 14 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t ( S Pond [ ind t ime 14 ] , Alt itude Pond [ ind t ime 14 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( S Barren [ ind t ime 14 ] , A l t i tude Barren [ ind t ime 14 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( S Mine [ ind t ime 14 ] , Alt i tude Mine [ ind t ime 14 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1400 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 14 ] , A l t i t u d e F o r e s t [ ind t ime 14 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 14 ] , Alt itude Pond [ ind t ime 14 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 14 ] , A l t i tude Barren [ ind t ime 14 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 14 ] , Alt i tude Mine [ ind t ime 14 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )
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p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1400 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 14 ] , A l t i t u d e F o r e s t [ ind t ime 14 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 14 ] , Alt itude Pond [ ind t ime 14 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 14 ] , A l t i tude Barren [ ind t ime 14 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 14 ] , Alt i tude Mine [ ind t ime 14 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 1400 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 14 ] , A l t i t u d e F o r e s t [ ind t ime 14 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 14 ] , Alt itude Pond [ ind t ime 14 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 14 ] , A l t i tude Barren [ ind t ime 14 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 14 ] , Alt i tude Mine [ ind t ime 14 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 1400 MST. png ’ , dpi =800)

f i g . show ( )

ind t ime 18= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==18) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 18 ] , A l t i t u d e F o r e s t [ ind t ime 18 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )
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p l t . p l o t ( S Pond [ ind t ime 18 ] , Alt itude Pond [ ind t ime 18 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( S Barren [ ind t ime 18 ] , A l t i tude Barren [ ind t ime 18 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( S Mine [ ind t ime 18 ] , Alt i tude Mine [ ind t ime 18 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1800 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 18 ] , A l t i t u d e F o r e s t [ ind t ime 18 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 18 ] , Alt itude Pond [ ind t ime 18 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 18 ] , A l t i tude Barren [ ind t ime 18 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 18 ] , Alt i tude Mine [ ind t ime 18 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 1800 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 18 ] , A l t i t u d e F o r e s t [ ind t ime 18 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 18 ] , Alt itude Pond [ ind t ime 18 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 18 ] , A l t i tude Barren [ ind t ime 18 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 18 ] , Alt i tude Mine [ ind t ime 18 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 1800 MST. png ’ , dpi =800)
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f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 18 ] , A l t i t u d e F o r e s t [ ind t ime 18 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 18 ] , Alt itude Pond [ ind t ime 18 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 18 ] , A l t i tude Barren [ ind t ime 18 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 18 ] , Alt i tude Mine [ ind t ime 18 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ , l o c =9)

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 1800 MST. png ’ , dpi =800)

f i g . show ( )

ind t ime 22= [ x for x in range (0 , len ( A l t i t u d e F o r e s t ) ) i f ( Time Forest [ x]==22) ]

f i g = p l t . f i g u r e ( )

p l t . p l o t ( S Fores t [ ind t ime 22 ] , A l t i t u d e F o r e s t [ ind t ime 22 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t ( S Pond [ ind t ime 22 ] , Alt itude Pond [ ind t ime 22 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( S Barren [ ind t ime 22 ] , A l t i tude Barren [ ind t ime 22 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( S Mine [ ind t ime 22 ] , Alt i tude Mine [ ind t ime 22 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ Hor i zonta l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Hor i zonta l Wind Ve loc i ty at D i f f e r e n t Locat ions at 2200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( W Forest [ ind t ime 22 ] , A l t i t u d e F o r e s t [ ind t ime 22 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (W Pond [ ind t ime 22 ] , Alt itude Pond [ ind t ime 22 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( W Barren [ ind t ime 22 ] , A l t i tude Barren [ ind t ime 22 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (W Mine [ ind t ime 22 ] , Alt i tude Mine [ ind t ime 22 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )
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p l t . xl im ( )

p l t . x l a b e l ( ’ V e r t i c a l Wind Ve loc i ty [m s${ˆ{−1}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / V e r t i c a l Wind Ve loc i ty at D i f f e r e n t Locat ions at 2200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( D Forest [ ind t ime 22 ] , A l t i t u d e F o r e s t [ ind t ime 22 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (D Pond [ ind t ime 22 ] , Alt itude Pond [ ind t ime 22 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( D Barren [ ind t ime 22 ] , A l t i tude Barren [ ind t ime 22 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t ( D Mine [ ind t ime 22 ] , Alt i tude Mine [ ind t ime 22 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im (0 ,360)

p l t . x l a b e l ( ’Wind Di r e c t i on [ ${ˆ{o}}$ ] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s /Wind Di r e c t i on at D i f f e r e n t Locat ions at 2200 MST. png ’ , dpi =800)

f i g . show ( )

f i g = p l t . f i g u r e ( )

p l t . p l o t ( PT Forest [ ind t ime 22 ] , A l t i t u d e F o r e s t [ ind t ime 22 ] , c o l o r=’ darkblue ’ , marker=’ o ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Forest ’ )

p l t . p l o t (PT Pond [ ind t ime 22 ] , Alt itude Pond [ ind t ime 22 ] , c o l o r=’ red ’ , marker=’ s ’ , markers i ze

=7, marke r f ac eco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ T a i l i n g s Pond ’ )

p l t . p l o t ( PT Barren [ ind t ime 22 ] , A l t i tude Barren [ ind t ime 22 ] , c o l o r=’ green ’ , marker=’ ˆ ’ ,

markers i ze =7, marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Barren ’ )

p l t . p l o t (PT Mine [ ind t ime 22 ] , Alt i tude Mine [ ind t ime 22 ] , c o l o r=’m’ , marker=’> ’ , markers i ze =7,

marke r f aceco l o r=’ none ’ , l i n ew id th =0.6 , l a b e l=’ Mine ’ )

p l t . xl im ( )

p l t . x l a b e l ( ’ P o t e n t i a l Temperature [K] ’ , f o n t s i z e =18)

p l t . y l a b e l ( ’ A l t i tude [m] ’ , f o n t s i z e =18)

#p l t . t i t l e ( ’ E f f e c t o f Topography on Hor i zonta l Wind Ve loc i ty (SODAR) ’ , f o n t s i z e =18)

p l t . l egend ( f o n t s i z e=’ 12 ’ )

f i g . t i g h t l a y o u t ( )

p l t . s a v e f i g ( ’ P lo t s / Po t e n t i a l Temperature at D i f f e r e n t Locat ions at 2200 MST. png ’ , dpi =800)

f i g . show ( )

p l t . show ( )
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