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H I G H L I G H T S

• A prognostic HVAC model was developed for multi-physics urban simulations.

• The model enables two-way coupling of HVAC and outdoor microclimate systems.

• The model was validated for indoor/outdoor physical variables and energy consumption observations.

• VCWG v3.1.0 achieved 𝑅𝑀𝑆𝐸 of ≈ 0.7◦C and ≈ 7% for indoor temperature and relative humidity.

• A targeted benchmark and sensitivity analysis evaluated model advancements and key parameter effects.
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A B S T R A C T

This paper presents the development and experimental validation of the Vertical City Weather Generator (VCWG) 

v3.1.0, a unified single-solver framework that couples a prognostic urban canyon model with a dynamically 

resolved indoor heat and moisture balance model. The model is validated against high temporal resolution, co-

located indoor–outdoor field measurements from an instrumented building in Guelph, Canada, over a July–April 

observation period spanning both cooling and heating seasons, with the simulation forced by on-site measured 

outdoor conditions (air temperature, relative humidity, wind, radiation, and precipitation). The prognostic for­

mulation demonstrates high fidelity, reproducing the hourly indoor air temperature and relative humidity with 

Root Mean Square Error (𝑅𝑀𝑆𝐸) of ≈ 0.7◦C and ≈ 7%, respectively. The model predictions of daily electric­

ity and natural gas consumption are also in good agreement with observations, featuring 𝑅𝑀𝑆𝐸 of ≈ 8.3 kWh 

and ≈ 3.4 m3, respectively. Temporal tracking is strongest during periods with active cooling and heating de­

mand, with Pearson’s correlation coefficients of ≈ 𝑟 = 0.46 for cooling-dominated electricity use and ≈ 𝑟 = 0.96
for heating-dominated natural gas use. A targeted monthly benchmark against VCWG v3.0.0 and EnergyPlus, to­

gether with a one-factor-at-a-time sensitivity analysis, further evaluates model advancements and the influence of 

key parameters such as infiltration rate, internal heat gains, and HVAC control setpoints. These results show that 

VCWG v3.1.0 provides a practical multi-physics modeling platform for coupled urban canopy and building en­

ergy simulations, offering a field-evaluated tool for analyzing indoor–outdoor feedback, transient moisture/heat 

transport, and resilient urban technologies.

1 . Introduction

Accurate representation of the interaction between buildings and 

their immediate surrounding microclimate has become an important 

direction in urban climate and energy modeling [1]. Buildings both re­

spond to and actively modify local air temperature, radiation exchange, 

wind flow, and moisture conditions through heat/moisture exchange, 

surface storage of heat/moisture, shading, and other effects. These inter­

actions occur on sub-hourly time scales that align with HVAC operation, 

moisture buffering, and occupant comfort response, making static or av­

eraged boundary conditions fundamentally inadequate for urban physics 

simulations [2]. A growing body of work has shown that urban canyon 
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microclimates can diverge substantially from standard meteorological 

conditions in rural areas, leading to systematic phase and magnitude 

errors in predicted indoor temperature, peak loads, and humidity when 

buildings are modeled as passive recipients of weather forcing [3,4]. For 

instance, a 2023 review by Sezer et al. notes that coupling urban micro­

climate models with building energy simulations yields more realistic 

results “that cannot be obtained in solo simulations” [5]. These find­

ings highlight that without explicit coupling between building indoor 

environment and the surrounding microclimate, predictions of energy 

use and thermal comfort may fail to account for real urban climatic 

conditions, particularly in dense cities [6].

Parallel research has focused on outdoor thermal comfort, street-

level microclimate, and the urban heat island, largely treating buildings 

as boundary conditions rather than dynamic participants [7–9]. Tools 

such as ENVI-met [10], CitySim Pro, and Orbital Stack [11] have been 

applied to quantify radiative exposure, pedestrian comfort, surface cool­

ing strategies, vegetation performance, and the effects of local geometry 

[12]. These models excel at detailed outdoor physics, resolving wind 

flow, radiation exchange, and surface energy balances at fine spatial 

resolutions [11]. Their weakness lies indoors: they rely on simplified 

or fixed indoor conditions without physically based HVAC behavior, 

humidity control, or comfort modeling [13–15].

A separate line of work addresses the building interior using detailed 

energy simulation environments such as EnergyPlus [16], Carrier’s 

Hourly Analysis Program (HAP) [17], TRNSYS [18,19], and IES Virtual 

Environment (IESVE) [20,21]. These tools offer rich envelope models 

and extensive HVAC component libraries, making them well-suited for 

equipment sizing, control design, and indoor comfort analyses [22]. 

However, most of them depend on static weather files that cannot reflect 

microclimate variations created by surrounding structures, surface mois­

ture, or evolving canyon dynamics [23,24]. A recent review by Worthy 

et al. emphasizes that reliance on these non-urban-specific, aggregated 

climate datasets creates a significant “simulation-to-reality gap” because 

they fail to characterize the high spatial and temporal granularity of ur­

ban microclimates or capture extreme weather events [1]. As a result, 

outdoor–indoor feedback is imposed unidirectionally through prescribed 

weather forcing rather than emerging dynamically from the urban con­

text. Without a prognostic outdoor model, they remain unable to capture 

two-way interactions between the indoor environment and the outdoor 

urban climate [3,25].

The Vertical City Weather Generator (VCWG) was conceived to 

bridge this gap by coupling a reduced-order urban canyon model with a 

building energy module. VCWG v3.0.0 introduced an environmentally 

aware temperature and humidity setpoint controller, but it was built 

upon a simplified, first-order indoor model inherited from the original 

Urban Weather Generator (UWG) paradigm [26] (a paradigm shared 

by all prior versions, including VCWG v1.3.2, v1.4.4, v1.4.5, v1.4.9, 

v1.5.0, v1.6.1, v2.0.0, and v3.0.0) [27–34]. Prior models treated temper­

ature and humidity as algebraic outcomes of a static load balance rather 

than as prognostic state variables with explicit thermal and moisture 

capacities. These models lacked the capacity to capture the physics of 

HVAC supply air mixing, coil processes, and thermal comfort estimation. 

Consequently, while aware of outdoor conditions, they could not dy­

namically simulate the indoor thermal-moisture response to short-term 

microclimate variability or transient HVAC operation [27].

In parallel, several mesoscale meteorological frameworks incorpo­

rate Urban Canopy Models (UCMs) with embedded building energy 

parameterizations, such as the Weather Research and Forecasting (WRF) 

model coupled with Building Energy Parameterization (BEP-BEM) [2,

35] and the Town Energy Balance (TEB) scheme [36–38]. These ap­

proaches capture two-way interactions between buildings and the at­

mospheric boundary layer and are well suited for city-scale urban heat 

island analyses. However, their internal building representations are 

primarily parameterized for large-scale climate feedbacks rather than 

resolving zone-level thermodynamic states [39]. In particular, indoor 

temperature and humidity are not modeled as explicit prognostic vari­

ables with detailed air-side HVAC sensible and latent processes or full 

indoor psychrometric evolution. As a result, they are not designed 

for neighborhood-scale studies requiring detailed indoor thermal and 

moisture comfort dynamics [1,40].

VCWG v3.1.0 addresses key limitations of existing building and ur­

ban microclimate modeling frameworks by moving from a static indoor 

load formulation to a prognostic indoor–outdoor system. Earlier VCWG 

versions, including v2.0.0 [28] and v3.0.0 [32], refined canyon-scale 

radiation and surface processes but retained a simplified, static indoor 

representation. In v3.1.0, indoor thermal and moisture states evolve 

dynamically in response to the simulated urban canyon microclimate, 

and the resulting sensible and latent heat rejection feeds back to the 

canyon within a native two-way coupling. Indoors, the framework em­

ploys a reduced-order air-side HVAC model that resolves mixed air 

conditions, explicit sensible and latent processes, indoor specific humid­

ity evolution, and comfort indices, while distinguishing coil duty used 

for equipment energy accounting from the sensible and latent fluxes 

delivered to the indoor air state. Outdoors, the canyon formulation re­

tains radiation trapping, vertical thermal structure, anthropogenic heat, 

and surface–atmosphere moisture exchange through an urban hydrol­

ogy module. The intent is a physically transparent internally coupled 

framework that reduces the synchronization and data-exchange burden 

associated with external co-simulation interfaces [5,41] while remaining 

computationally practical for long-duration neighborhood-scale studies.

Table 1 summarizes core architectural capabilities across represen­

tative building energy simulators and urban microclimate models. The 

symbols reflect native functionality in standard workflows and do not 

account for custom couplings or external co-simulation interfaces. The 

Table 1 

Capability matrix comparing VCWG v3.1.0 with representative building-scale simulators and urban microclimate tools.

Aspect VCWG v3.1.0 Energy Plus IESVE HAP ENVI-met CitySim Pro TRNSYS

Detailed HVAC components and plant loops △ ✓ ✓ △ ✘ △ ✓

Reduced-order air-side HVAC with explicit sensible and latent exchange ✓ △ △ △ ✘ △ △
Prognostic indoor temperature and specific humidity state variables ✓ ✓ ✓ △ ✘ △ △
Indoor comfort indices (𝑃𝑀𝑉 , 𝑃𝑃𝐷, adaptive comfort) ✓ ✓ ✓ ✘ ✘ ✘ △
Prognostic urban canyon microclimate with vertical profiles ✓ ✘ ✘ ✘ △ ✘ ✘

Outdoor hydrology and soil moisture feedback ✓ △
a

✘ ✘ ✓ ✘ ✘

Native two-way indoor–canyon heat and moisture feedback ✓ ✘ ✘ ✘ △ ✘ △
b

Integrated indoor–outdoor simulation without external co-simulation ✓ ✘ ✘ ✘ ✘ △ △
b

✓ Full support, △ Partial or limited support, ✘ Not supported in the core workflow. Note: Symbols summarize native capabilities in the standard workflow. 

Many tools can extend scope through third party couplings, custom scripting, or specialized modules, which are not accounted for here unless they are 

commonly used as part of the core distribution.
a

 EnergyPlus includes detailed heat and moisture transfer in envelopes and specialized options such as green roof type models, but it does not provide 

a city scale urban hydrology engine comparable to an urban canopy scheme.
b

 TRNSYS can participate in coupled workflows via data exchange or co-simulation, but this depends on the external microclimate model and a user-

implemented interface rather than a built-in urban microclimate module.
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matrix is intended to clarify differences in modeling philosophy rather 

than to rank tools by accuracy. Because this conceptual comparison does 

not by itself quantify model performance, the Results and Discussion 

Section 3 also includes a targeted monthly energy benchmark against 

both VCWG v3.0.0 and EnergyPlus v26-1-0 for the same building 

and validation period. This comparison evaluates the advancement of 

VCWG v3.1.0 relative to a previous VCWG version while also provid­

ing an external reference against a widely used detailed building energy 

simulator.

The comparison highlights a structural divide in the literature. 

Detailed building engines such as EnergyPlus, IESVE, TRNSYS, and HAP 

provide rich HVAC component and envelope modeling but rely on pre­

scribed weather inputs and do not resolve a prognostic urban canyon 

environment. Microscale outdoor models such as ENVI-met resolve 

canyon radiation, surface energy exchange, and atmospheric dynam­

ics, yet they do not include a native, humidity-resolving indoor air 

model with active HVAC feedback. Co-simulation approaches can bridge 

these domains, but they require external data exchange between inde­

pendent solvers. While external coupling avoids the need to build new 

models from scratch and preserves the strengths of specialized tools, it 

can introduce incompatible time scales between building and urban cli­

mate solvers, intermediate data-exchange requirements, and increased 

computational demand [5].

Within this landscape, VCWG v3.1.0 occupies a distinct modeling 

regime. It integrates a prognostic urban canyon formulation, a reduced-

order air-side HVAC model with explicit sensible and latent processes, 

and dynamic indoor temperature and humidity states within a single 

computational framework. Heat and moisture rejected by the build­

ing feed back directly to the canyon, enabling two-way interaction 

without external coupling. This configuration supports physically consis­

tent neighborhood-scale simulations while maintaining computational 

tractability. Pan et al. note that the building energy modeling field is cur­

rently undergoing a revolution, expanding toward urban-scale modeling 

and digital twins. However, they warn that striking a practical balance 

between the computational speed required for these massive scales and 

the accuracy needed for dynamic operational optimization remains a 

major challenge [42]. By integrating dynamic indoor temperature and 

humidity states within a single computational framework, VCWG v3.1.0 

provides a practical balance of physical transparency and computational 

efficiency for these advanced applications.

The single-solver implementation in VCWG v3.1.0 is not intended to 

imply universal accuracy superiority over external VCWG–EnergyPlus 

co-simulation. The two approaches serve different modeling needs: 

external co-simulation is better suited for detailed multi-zone build­

ings, complex HVAC systems, and tall-building cases requiring height-

resolved microclimate and HVAC heat-rejection exchange [3]. By con­

trast, VCWG v3.1.0 provides an internally coupled framework for long-

duration building energy, comfort, humidity, and urban microclimate 

simulations by synchronizing the canyon model, radiation model, indoor 

heat and moisture balances, HVAC response, and comfort-control logic 

within one computational framework. This reduces external data-

exchange and solver-synchronization burdens [5], while providing a 

computationally efficient alternative for long-duration studies focused 

on comfort control, humidity dynamics, HVAC loads, and urban micro­

climate feedback.

The computational value of this architecture is also relevant for high-

repetition simulation workflows. Previous VCWG applications [30,34] 

have used the single-solver structure in evolutionary optimization stud­

ies requiring up to multiple thousands of model evaluations per case. 

In such settings, avoiding external message passing, repeated file ex­

changes, and solver synchronization between independent programs 

becomes important for computational feasibility.

This paper presents two main contributions. The first is the devel­

opment of a physically based indoor air model that replaces static load 

formulations with a prognostic heat and moisture balance, in which in­

door temperature and specific humidity evolve as state variables with 

explicit sensible and latent HVAC processes. Within this framework, in­

door thermal and moisture conditions respond dynamically to simulated 

canyon microclimate variability. The formulation is implemented within 

a single computational framework in which building heat and moisture 

fluxes feed back directly to the prognostic canyon model. This architec­

ture enables native two-way indoor–outdoor coupling while reducing 

the synchronization, data-exchange, and timescale-management chal­

lenges associated with external co-simulation. This paper positions this 

architecture as a computationally efficient internally coupled framework 

for long-duration comfort, humidity, HVAC, and urban microclimate 

studies, rather than as a universal replacement for high-fidelity external 

co-simulation workflows.

The second contribution is the validation and evaluation of this 

formulation using long-term, co-located indoor–outdoor field measure­

ments collected under real operating conditions. The results demonstrate 

that the reduced-order air-side HVAC representation reproduces ob­

served indoor temperature, humidity, energy consumption, and comfort 

dynamics with acceptable agreement while remaining computationally 

tractable for long-duration neighborhood-scale applications. The eval­

uation is further supported by a targeted monthly benchmark against 

VCWG v3.0.0 and EnergyPlus v26-1-0, and by a one-factor-at-a-time 

sensitivity analysis of infiltration rate, internal heat gains, and HVAC 

control setpoints.

2 . Methodology

2.1 . Model architecture and comparative positioning

Table 2 summarizes the stepwise development of the UWG frame­

work toward VCWG v3.1.0 by highlighting the key physical, control, 

and system-level extensions introduced at each milestone. The original 

UWG formulation emphasized a compact urban canopy energy balance 

coupled to a simplified, load-based indoor representation with fixed 

Table 2 

Milestone progression toward VCWG v3.1.0. Symbol columns provide a visual summary of when key capabilities become core features, while the final column states 

the dominant extension at each stage.

Version Urban Physics Hydrology Control Indoor HVAC Humidity & Latent Dominant Extension

UWG (Original) △ ✘ ✘ ✘ ✘ Compact canopy energy balance with load-based indoor representa­

tion and fixed operation.

VCWG v1.4.5 ✓ ✘ ✘ ✘ △ Vertical diffusion formulation in the canyon with expanded system-

level alternative energy options and early rule-based operation.

VCWG v2.0.0 ✓ ✓ ✘ ✘ △ Explicit surface water storage and evaporation via a hydrology 

scheme, strengthening moisture pathways in canyon exchange.

VCWG v3.0.0 ✓ ✓ ✓ ✘ △ Environmentally aware operation through fuzzy-logic control that 

responds to indoor and outdoor conditions, with limited humidity 

handling.

VCWG v3.1.0 ✓ ✓ ✓ ✓ ✓ Prognostic indoor humidity and latent balance added on top of v3.0.0 

control, via explicit air-side HVAC and psychrometric processes, 

enabling comfort-driven closed-loop indoor–outdoor coupling.

✓ Full support, △ Partial or limited support, ✘ Not supported in the core workflow.
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operation. VCWG v1.4.5 introduced the vertical diffusion formulation 

in the canyon and broadened the framework to support alternative en­

ergy systems, while keeping the indoor model load-based. VCWG v2.0.0 

strengthened the outdoor physics by adding a surface hydrology scheme 

that explicitly represents surface water storage, evaporation, and mois­

ture exchange within the canyon. VCWG v3.0.0 shifted the focus toward 

intelligent operation through an environmentally aware controller based 

on fuzzy logic, enabling HVAC response to adapt to indoor and out­

door conditions, albeit with limited humidity handling. VCWG v3.1.0 

completes the transition to a prognostic indoor-outdoor system by intro­

ducing explicit air-side HVAC calculations and prognostic moisture and 

temperature evolution, along with dynamic heat and moisture storage 

and a comfort-driven smart controller. This progression reflects a de­

liberate evolution from geometry-focused canopy modeling toward an 

integrated, physics-based, and control-aware indoor-outdoor simulation 

framework.

Fig. 1 presents the integrated structure of VCWG. The framework 

couples a rural reference column, based on Monin-Obukhov Similarity 

Theory (MOST) [43], with an urban canyon column that resolves ver­

tical turbulent diffusion and surface exchanges. Both rural and urban 

domains include radiation models and surface and soil energy-water bal­

ance components, ensuring consistent conservation of heat and moisture 

across the land-atmosphere system. The urban module further incorpo­

rates a building energy model that dynamically interacts with canyon 

air conditions. In the present formulation, the building energy model 

includes a fully prognostic HVAC representation, where sensible and 

latent fluxes are delivered through capacity-limited air-side processes 

and evolve consistently with the transient indoor energy and moisture 

balances.

Fig. 2 presents a conceptual schematic of the physical structure 

implemented in VCWG v3.1.0. The schematic illustrates the two-way 

coupling between the urban canyon microclimate, the indoor air node, 

and the HVAC system, driven by measured outdoor forcing variables. 

Outdoor boundary conditions, including air temperature, relative hu­

midity, wind, radiation, precipitation, and soil state, are imposed on the 

urban canyon model, which resolves radiation trapping, surface energy 

and water balance, anthropogenic heat release, and hydrological pro­

cesses. The canyon model exchanges sensible and latent heat with the 

indoor air node, where indoor air temperature, specific humidity, mean 

radiant temperature (MRT), and thermal comfort evolve prognostically. 

The HVAC system interacts directly with the indoor air node through 

mixed-air conditions and sensible and latent conditioning processes, 

while rejecting waste heat and moisture back to the urban canyon.

2.2 . Experimental data collection and processing

To evaluate the accuracy of the new HVAC model within VCWG, 

the model is tested against measurements collected from a fully in­

strumented building in Guelph, Ontario. The building is used by real 

occupants as an office. Fig. 3 summarizes the workflow. Outdoor forc­

ing variables and indoor sensor measurements are first processed and 

quality-checked. VCWG then simulates indoor temperature, humidity, 

and HVAC behavior using the prognostic formulation. Finally, simulated 

and measured time series are compared using standard performance 

metrics.

The validation dataset comes from long-term and co-located monitor­

ing of the building and its immediate outdoor environment, summarized 

in Table 3 and illustrated in Fig. 4, which provides the sensor lay­

out schematic with numbered labels matching the table. Indoors, an 

occupant-level sensor assembly (Items 1 to 5) resolves conditions at 

1–1.6 m from the floor, including air temperature and relative humidity, 

MRT, and air speed, and also measures interior wall, ceiling, and floor 

surface temperatures using a thermocouple array to constrain interior 

surface temperature behavior [44]. The indoor sensor assembly was in­

stalled near an interior partition wall rather than an exterior corner and 

was not placed directly in a ventilation channel or supply air path. This 

location was selected to provide a stable long-term monitoring point in 

an occupied office space while reducing disturbance to the instruments. 

Whole-building electricity and natural gas consumption were recorded 

daily. The outdoor on-site weather station and supplementary sensors 

(Items 1 to 10) measured air temperature (2 m above the ground), air 

humidity (at 2 m), wind speed (2 m and 10 m), net radiation (2 m), 

Fig. 1. Overall architecture of VCWG v3.1.0 showing the coupling between rural and urban columns, radiation models, surface and soil energy-water balance modules, 

vertical diffusion, and the building energy model with prognostic HVAC control and two-way coupling.

Fig. 2. Conceptual schematic of VCWG v3.1.0 illustrating two-way coupling between outdoor forcing variables, the urban canyon model, the indoor air node, and 

the HVAC system.

Building and Environment 302 (2026) 114857 

4 



M. Safdari, M.N. Ashraf, M. Al Janaideh et al.

Fig. 3. Workflow used in this study, showing data acquisition, VCWG simulation, and model evaluation.

Table 3 

Summary of sensors for environmental monitoring used in this study.

Variable: Sensor Sampling Range Accuracy Elevation

Wind: RM Young (81000) ultrasonic anemometer (1) 10 min 0–25 m s−1 0.05 m s−1 10 m

Wind: RM Young (81000) ultrasonic anemometer (2) 10 min 0–25 m s−1 0.05 m s−1 2 m

Air temperature, humidity: Vaisala (HMP155) (3) 10 min −80–60 ◦C, 0–100% 0.2 ◦C, 2% 2 m

Precipitation: Young (52202) tipping bucket gage (4) 10 min > 0.1 mm 3% 2 m

Radiation: Kipp & Zonen (CNR4) net radiometer (5) 10 min 305–2800 nm, 4.5-42 µm 5%, 10% 2 m

Soil temperature, moisture: Campbell Scientific (CS650) (6) 10 min −50–70 ◦C, 0–100% 0.5 ◦C, 3% −0.3 m

Precipitation: Lufft (WS100) radar (7) 1 min > 0.01 mm 10% 10 m

Data logger: Campbell Scientific (CR6) (8) – – – –

Thermal images: FLIR (T530) (9) 4 hr −20–120 ◦C 2 ◦C 1, 6 m

Data logger: Campbell Scientific (CR310) (10) – – – –

Mean radiant temperature: CS Black Globe (C108) (1) 1 min −5-95 ◦C 0.3 ◦C 1 m

Wind: RM Young (81000) ultrasonic anemometer (2) 10 s 0–10 m s−1 0.05 m s−1 1.6 m

Data logger: Campbell Scientific (CR6) (3) – – – –

Air temperature, humidity: Vaisala (HMP155) (4) 1 min −80–60 ◦C, 0–100% 0.2 ◦C, 2% 1 m

Surface temperature: Type E thermocouple (5) 1 min 0–50 ◦C 1 ◦C 0, 1.2, 3 m

Fig. 4. Schematic sensor layout for the validation dataset. Outdoor sensors provide meteorological forcing (wind, air temperature and humidity, radiation, precipi­

tation, and soil state), while indoor sensors provide occupant-level validation targets (air temperature, relative humidity, mean radiant temperature, air speed, and 

surface temperatures). Sensor IDs correspond to Table 3.

precipitation (2 m and 15 m), soil moisture (−0.3 m), and soil tem­

perature (−0.3 m), and it also included a thermal camera used to map 

exterior wall and roof surface temperatures at scheduled intervals on 

selected days [45–47]. Precipitation was measured using both a tipping 

bucket gage (2 m) and a radar unit (15 m) to capture event timing and 

intensity at high temporal resolution. Multiple data loggers (Items 8, 10, 

3) synchronized all measurement streams to a common time base prior 

to screening, gap handling, and model evaluation. These measurements 
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Table 4 

Building parameters.

Parameter Value

Climate zone 6A (Guelph, ON)

Floor area [m2] 100

Building height [m] 3

Number of floors 1

Glazing ratio 0.4

Occupancy density [people m−2] 0.03

Wall, roof, window R-values [m2 K W−1] 3.60, 5.46, 0.33

Infiltration air change rate [h−1] 2

Supply air flow rate [m3 m−2 s−1] 0.01

Fresh air rate [L m−2 s−1] 0.5

Internal gains [W m−2] 6

Supply air temperature limits [◦C] 50 (heating), 13 (cooling)

Rated cooling 𝐶𝑂𝑃  [-] 4.0

Heating efficiency [-] 0.70

prescribe the VCWG boundary conditions and provide independent 

targets for evaluating predicted indoor states, the prognostic indoor tem­

perature and moisture evolution, and derived comfort metrics under 

realistic operating conditions. Although this deployment provides con­

tinuous co-located indoor and outdoor measurements, future validation 

studies would benefit from multiple indoor sensor locations to quantify 

within-zone spatial variability in temperature and humidity.

Data processing focused on producing temporally consistent forc­

ing and validation series. Screening removed physically inconsistent 

readings, corrected obvious spikes, and aligned timestamps across all 

channels. Short gaps were handled through interpolation when appro­

priate, and the resulting outdoor time series were aggregated to the 

VCWG forcing time step, while indoor records were retained at their 

native resolution and resampled only as needed to support one-to-one 

comparisons during evaluation.

Key building properties required by VCWG, such as floor area, 

number of floors, envelope R-values, infiltration rate, ventilation as­

sumptions, internal gains, and HVAC configuration, were compiled from 

construction documents and equipment records. Table 4 summarizes the 

values used.

Two additional evaluation steps were added to support the model 

exploration regarding parameter sensitivity and model benchmarking. 

First, a one-factor-at-a-time sensitivity analysis was conducted to eval­

uate how key uncertain building and control parameters influence 

monthly energy predictions. The analysis focused on the three param­

eter groups identified as most relevant to the validation: infiltration 

rate, internal heat gains, and HVAC control setpoints. January 2026 and 

August 2025 were selected as representative heating and cooling sea­

son months, respectively. For each sensitivity case, only one parameter 

was changed while all other parameters were kept fixed at their base­

line values in Table 4. This design isolates the directional effect of each 

parameter and avoids confounding interactions among simultaneous pa­

rameter changes. The sensitivity outputs were evaluated using monthly 

electricity consumption and monthly natural gas consumption, which 

directly reflect cooling season and heating season HVAC responses.

Second, to provide both an internal model-family reference and an 

external building-energy reference, two additional simulations were pre­

pared for the July 2025–April 2026 validation period. VCWG v3.0.0 was 

run using the same building and measured outdoor forcing assumptions 

where applicable to evaluate the improvement introduced by the new 

prognostic indoor heat and moisture formulation in VCWG v3.1.0. An 

EnergyPlus v26-1-0 model of the same building was also prepared us­

ing shared baseline properties where physically transferable, including 

weather forcing, location, run period, building geometry, glazing charac­

teristics, envelope thermal properties, wall thermal resistance treatment, 

internal gains, ventilation and infiltration assumptions, operating sched­

ules, HVAC control setpoints, humidity control setpoints, supply air 

temperature limits, HVAC efficiency assumptions, occupant heat split, 

radiant fractions, and service water heating assumptions. The purpose 

of this comparison was not to perform a full multi-platform calibration 

study, but to provide a practical monthly benchmark for electricity and 

natural gas consumption under comparable input assumptions. The re­

sults from VCWG v3.1.0, VCWG v3.0.0, and EnergyPlus v26-1-0 were 

compared with observations using monthly energy consumption relative 

to observations.

2.3 . VCWG v3.1.0 prognostic HVAC model formulation

Earlier VCWG versions used a diagnostic approach, in which indoor 

temperature and specific humidity were solved assuming instantaneous 

thermal and humidity balance at each time step. This assumption ne­

glects the building’s thermal and humidity inertia, and, hence, the 

simulated indoor temperature and humidity dynamics, especially dur­

ing the morning warm-up and evening cool-down periods, were not 

predicted accurately and realistically.

In the new prognostic formulation, indoor air temperature and 

humidity evolve according to coupled energy and moisture balance 

equations:

𝐶a
Δ𝑇in
Δ𝑡

=
∑

𝑄̇sens, (1)

𝑚a
Δ𝑞in
Δ𝑡

=
∑

𝑚̇w, (2)

where the indoor air thermal capacity per unit building footprint area is 

defined as 𝐶a = 𝜌air 𝑐air 𝐻floor 𝑁floors, with 𝐶a [kJ m−2 K−1] denoting the 

thermal capacity of indoor air per unit building footprint area, 𝜌air [kg 

m−3] the indoor air density, 𝑐air [kJ kg−1 K−1] the specific heat capacity 

of air, 𝐻floor [m] the floor-to-ceiling height, and 𝑁floors = 1 [-] the num­

ber of floors. The term 𝑄̇sens [kW m−2] represents the net sensible heat 

flux to the indoor air node per unit building footprint area. The mois­

ture balance is governed by the air mass capacity per unit footprint area, 

𝑚a = 𝜌air 𝐻floor 𝑁floors, where 𝑚a [kg m−2] is the air mass per unit build­

ing footprint area, 𝑞in [kgv kg−1] is the indoor specific humidity, and 𝑚̇w
[kgv m

−2 s−1] denotes the net moisture flux from internal sources, venti­

lation, and infiltration. This formulation explicitly captures thermal and 

moisture storage in the indoor air volume, enabling realistic simulation 

of indoor temperature and humidity dynamics.

Figs. 5 and 6 provide a schematic overview of the coupled indoor en­

ergy and moisture formulation introduced in VCWG v3.1.0. The diagram 

summarizes the interaction between mixed-air conditions, thermostat 

logic, HVAC operation, and the prognostic evolution of indoor tempera­

ture and humidity within each simulation timestep. Sensible and latent 

processes are solved concurrently, with humidification (during heating) 

and dehumidification (during cooling) conditionally enabled based on 

the active HVAC mode. The schematic serves as a road map for the 

governing equations presented below.

HVAC control and capacity constraints. In VCWG v3.1.0, the HVAC 

system acts as a controlled source of sensible and latent energy that 

responds to indoor conditions through thermostat and humidistat logic. 

The system does not prescribe indoor temperature or humidity directly; 

instead, it delivers bounded sensible heat, 𝑄̇HVAC [kW m−2], and mois­

ture exchange, 𝑚̇w [kgv m
−2 s−1], that enter the prognostic energy and 

moisture balance equations.

Mixed-air conditions. The HVAC system conditions a mixed air stream 

composed of outdoor and return air. The mixed-air temperature and 

specific humidity are computed as

𝑇mix = 𝑓OA𝑇out + (1 − 𝑓OA)𝑇in, (3)

𝑞mix = 𝑓OA𝑞out + (1 − 𝑓OA)𝑞in, (4)

where 𝑇mix [K] and 𝑞mix [kgv kg−1] are the temperature and specific hu­

midity of the mixed air stream entering the HVAC coil, respectively. The 
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Fig. 5. Algorithm for the coupled indoor energy and moisture balance in VCWG v3.1.0. This framework illustrates the sequential evaluation of thermostat logic 

(sensible control) and humidistat logic (latent control), with the detailed sub-routines for latent processes detailed in Fig. 6.

Fig. 6. Algorithm for indoor humidity regulation in VCWG v3.1.0. The diagram illustrates the humidistat-based control logic governing latent processes, including 

humidification and dehumidification modes, and the associated moisture balance used to update indoor specific humidity at each timestep.

variables 𝑇out [K] and 𝑞out [kgv kg−1] denote outdoor air temperature and 

specific humidity, and 𝑇in [K] and 𝑞in [kgv kg−1] denote indoor air tem­

perature and specific humidity. The parameter 𝑓OA [-] is the outdoor-air 

fraction imposed by ventilation requirements.

Thermostat and humidistat control. System operation is governed by a 

four-mode thermostat

MODE ∈ {OFF, HEAT, COOL, AUTO}, (5)
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Fig. 7. Schematic representation of thermostat hysteresis control logic. The left panel illustrates temperature hysteresis bands around the heating and cooling setpoints, 

defined as ±Δ𝑇 ∕2. The right panel shows the analogous hysteresis structure for relative humidity control, defined as ±ΔRH∕2. Solid lines denote setpoints, while 

dashed lines indicate hysteresis bounds.

with hysteresis applied to both temperature and relative humidity set­

points to prevent rapid cycling. As illustrated in Fig. 7, each heating 

and cooling setpoint is surrounded by a symmetric hysteresis band of 

width Δ𝑇 , defined as ±Δ𝑇 ∕2 about 𝑇heat and 𝑇cool. The HVAC mode 

switches only when indoor conditions cross these bounds, ensuring sta­

ble operation across successive timesteps. At each timestep, the active 

mode determines whether sensible heating, sensible cooling, humidifica­

tion, or dehumidification is permitted. Adaptive 𝑃𝑀𝑉  and fuzzy control 

options available in VCWG were disabled in this study to isolate the 

physical response of the building HVAC system. A similar logic applies 

to relative humidity 𝑅𝐻 .

Sensible capacity constraints. For a given mode, the HVAC system at­

tempts to meet the sensible load required to drive indoor temperature 

toward the target value within one timestep. The delivered or removed 

sensible heat in the HVAC system is calculated using the air mass flow 

rate, supply temperature, and mixed-air temperature. That is, 𝑄̇coil =
𝑚̇sup𝑐pa(𝑇sup − 𝑇mix) [kW m−2], where 𝑇sup is constrained by equipment-

specific minimum and maximum supply temperatures and 𝑚̇sup [kg m−2

s−1] is the supply air mass flow rate. By applying the first law of ther­

modynamics to the HVAC system, the resulting effective supply air 

temperature is

𝑇sup = 𝑇mix +
𝑄̇coil

𝑚̇sup𝑐pa
. (6)

Latent capacity constraints. Latent control is evaluated concurrently 

with sensible control. During heating, humidification is limited by 

the available heating capacity required to evaporate water into the 

air stream. During cooling, dehumidification is limited by the cooling 

coil’s ability to reduce the mixed-air humidity to its saturation value 

at the minimum cooling-coil temperature. The applied humidification 

and dehumidification rates therefore satisfy equipment-dependent up­

per bounds, and the net latent HVAC contribution enters the prognostic 

moisture balance.

Energy use. Once the delivered sensible and latent fluxes are deter­

mined, HVAC energy consumption is computed from the total coil duty. 

The sensible and latent coil components are aggregated as

𝑄̇coil-tot = 𝑄̇coil-sens + 𝑄̇coil-lat, (7)

where 𝑄̇coil-sens and 𝑄̇coil-lat [kW m−2] are defined as non-negative magni­

tudes (active only in the corresponding operating mode). During cooling, 

the electricity use is computed as

𝑊̇cool =
𝑄̇coil-tot

𝐶𝑂𝑃cool(𝑡)
, (8)

where the cooling 𝐶𝑂𝑃  is adjusted from the rated value using an 

outdoor-temperature modifier:

𝐶𝑂𝑃cool(𝑡) = 𝐶𝑂𝑃rated𝑓COP(𝑇out(𝑡)). (9)

The modifier is bounded to avoid unrealistic off-rated values:

𝑓COP(𝑇out) = min
[

𝑓max,max
(

𝑓min, 1 − 𝑠
(

𝑇out − 𝑇rated
))]

. (10)

In this study, 𝐶𝑂𝑃rated = 4.0, 𝑇rated = 35◦C, 𝑠 = 0.025 ◦C−1, 𝑓min =
0.60, and 𝑓max = 1.20 were used. During heating, the required fuel-side 

heat input is computed from the heating system efficiency as 𝑄̇fuel =
𝑄̇coil-tot∕𝜂furnace [kW m−2].

Figs. 8 and 9 define the control volumes and sign conventions used 

to derive the prognostic indoor updates in Eqs. (13) and (21). The al­

gorithmic flowcharts in Figs. 5 and 6 describe the mode selection and 

sequencing, while the loop diagrams clarify how each physical exchange 

term enters the zone energy and moisture balances.

Fig. 8 shows the sensible heat balance on the indoor air node. Passive 

contributions from the envelope and zone processes, including convec­

tion from interior surfaces (𝑄̇wall, 𝑄̇mass, 𝑄̇ceil), window heat transfer and 

solar gains (𝑄̇win, 𝑄̇sol), internal convective gains (𝑄̇int-conv), and infiltra­

tion (𝑄̇inf), are grouped into the net zone load 𝑄̇net in Eq. (11) all in 

[kW m−2]. The HVAC sensible contribution 𝑄̇HVAC [kW m−2] enters the 

zone through the supply air stream, while the coil duty used for en­

ergy consumption is evaluated relative to the mixed-air state (𝑇mix) [K], 

consistent with Fig. 8.

The 𝑄̇net [kW m−2] sensible load component is 

𝑄̇net = 𝑄̇wall + 𝑄̇mass + 𝑄̇ceil + 𝑄̇win + 𝑄̇int-conv + 𝑄̇inf + 𝑄̇sol, (11)

where 𝑄̇net [kW m−2] is the net sensible heat flux to the indoor air 

node per unit building footprint area. The individual terms are de­

fined by standard heat balance expressions, i.e., 𝑄̇wall = 𝐴wallℎ𝑤(𝑇wall −
𝑇in), 𝑄̇mass = 𝐴massℎ𝑚(𝑇mass − 𝑇in), 𝑄̇ceil = 𝐴ceilℎ𝑐 (𝑇ceil − 𝑇in), 𝑄̇win =
𝐴win𝑈𝑤(𝑇out − 𝑇in), 𝑄̇inf = 𝑉̇inf𝜌𝑎𝑐𝑝𝑎(𝑇out − 𝑇in), and 𝑄̇sol = 𝑆𝐻𝐺𝐶 𝐴win𝑆. 

Here, 𝐴wall, 𝐴mass, 𝐴ceil, and 𝐴win [m2 m−2] are the corresponding inte­

rior surface areas normalized by the building footprint area, ℎ𝑤, ℎ𝑚, and 

ℎ𝑐  [kW m−2 K−1] are the interior convective heat transfer coefficients 
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Fig. 8. Sensible heat balance control volume and HVAC loop configuration.

Fig. 9. Latent heat and moisture balance control volume and HVAC loop configuration.

for walls, internal mass, and ceiling, respectively, and 𝑈𝑤 [kW m−2 K−1] 

is the window overall heat transfer coefficient. The temperatures 𝑇wall, 

𝑇mass, 𝑇ceil, 𝑇out, and 𝑇in [K] denote the interior wall, internal mass, inte­

rior ceiling, outdoor air, and indoor air temperatures, respectively. The 

term 𝑄̇int-conv [kW m−2] represents the convective fraction of internal 

sensible heat gains. The infiltration volumetric flow rate per unit foot­

print area is 𝑉̇inf [m
3 m−2 s−1], with 𝜌𝑎 [kg m−3] as the air density and 𝑐𝑝𝑎

[kJ kg−1 K−1] as the air specific heat capacity. Solar heat gain through 
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windows is represented by Solar Heat Gain Coefficient (𝑆𝐻𝐺𝐶) [-], the 

incident solar irradiance on the window 𝑆 [kW m−2], and 𝐴win [m2 m−2].

The term 𝑄̇HVAC is calculated according to Fig. 5 parts (a) to (c). 

Under heating mode (a), first a target temperature 𝑇target = 𝑇heat + Δ𝑇 ∕2
is defined using the heating setpoint temperature 𝑇heat and a hystere­

sis temperature Δ𝑇  (see Fig. 7). The heating rate required to reach 

the target boundary within one timestep is 𝑄̇need = 𝐶a(𝑇target − 𝑇in)∕Δ𝑡. 
Accounting for the passive indoor sensible balance, the required HVAC 

contribution is 𝑄̇req = 𝑄̇need − 𝑄̇net. The delivered heat is then 𝑄̇HVAC =
min(𝑄̇max-heat,max(0, 𝑄̇req)). The maximum amount of deliverable heat is 

calculated using 𝑄̇max-heat = 𝑚̇sup𝑐pamax(0, 𝑇heat-max − 𝑇in), where 𝑚̇sup
is the supplied air mass flow rate [kg m−2 s−1], and 𝑇heat-max is consid­

ered as the maximum deliverable temperature by the heating system. 

Under cooling mode (b), first a target temperature 𝑇target = 𝑇cool −Δ𝑇 ∕2
is defined using the cooling setpoint temperature 𝑇cool and a hystere­

sis temperature Δ𝑇  (see Fig. 7). The rate required to reach the target 

boundary within one timestep is 𝑄̇need = 𝐶a(𝑇target − 𝑇in)∕Δ𝑡. Accounting 

for the passive indoor sensible balance, the required HVAC contribu­

tion is 𝑄̇req = 𝑄̇net − 𝑄̇need. The delivered cooling is then implemented 

as 𝑄̇HVAC = −𝑚𝑖𝑛(𝑄̇max-cool,max(0, 𝑄̇req)). This maximum is derived using 

𝑄̇max-cool = 𝑚̇sup𝑐pamax(0, 𝑇in − 𝑇cool-min), where 𝑇cool-min is the minimum 

feasible supply temperature delivered by the cooling system.

The corresponding effective supply air temperature under heating 

and cooling conditions can be computed by applying the first law of 

thermodynamics to the building air 

𝑇sup = 𝑇in +
𝑄̇HVAC
𝑚̇sup 𝑐pa

. (12)

Under neither sensible heating nor cooling (c) 𝑄̇HVAC = 0 kW m−2. 

By applying the first law of thermodynamics and using an explicit time 

update, the indoor temperature evolves according to 

𝑇 𝑛𝑒𝑤
in = 𝑇 𝑜𝑙𝑑

in +
(𝑄̇net + 𝑄̇HVAC)Δ𝑡

𝐶a
. (13)

The analogous moisture control volume is shown in Fig. 9. 

Environmental and internal moisture sources are represented by 𝑚̇w-net in 

Eq. (14), combining infiltration-driven exchange with outdoor air and 

moisture generation associated with internal latent gains. The HVAC 

system then adds a bounded humidification or dehumidification term 

depending on the active mode, where humidification is limited by the 

remaining heating capacity after sensible heating has been accounted 

for, and dehumidification is limited by both the cooling coil’s ability to 

reduce mixed-air humidity toward saturation at the minimum coil tem­

perature and the remaining cooling capacity after sensible cooling has 

been accounted for. These terms enter the prognostic humidity update 

in Eq. (21), ensuring that latent control remains consistent with storage 

and air exchange in the zone.

The moisture balance follows a structure parallel to the sensible heat 

balance. The indoor specific humidity evolves from infiltration, internal 

latent sources, and the building’s humidification and dehumidification 

equipment. Using the air mass of the zone as the control volume, the 

net moisture exchange to the zone driven by air exchange and internal 

latent sources is 

𝑚̇w-net = 𝑚̇w-int + 𝑚̇w-inf =
𝑄̇int-lat
𝐿𝑣

+ 𝑉̇inf𝜌𝑎(𝑞out − 𝑞in), (14)

where 𝑚̇w-net is the net moisture source to the zone air, 𝑚̇w-int is mois­

ture flux due to internal latent fluxes, and 𝑚̇w-inf is moisture flux due 

to infiltration, all in [kgv m
−2 s−1]. 𝐿𝑣 [kJ kg−1𝑣 ] is latent heat of va­

porization, 𝑄̇int-lat [kW m−2] is internal latent heat, 𝑉̇inf [m
3 m−2 s−1] 

is infiltration flow, and 𝑞out, 𝑞in [kgv kg−1] are the outdoor and indoor 

specific humidity.

The humidification system (a) activates when 𝑞in falls below its lower 

hysteresis threshold (𝑅𝐻hum − Δ𝑅𝐻 ∕2). To reach the upper switching 

threshold (𝑅𝐻targ = 𝑅𝐻hum + Δ𝑅𝐻 ∕2) within one timestep Δ𝑡, and 

after converting the target relative humidity to specific humidity, the 

needed humidification rate is 𝑚̇need
w-hum = 𝑚a(𝑞targ − 𝑞in)∕Δ𝑡. Accounting 

for environmental moisture exchange, the required humidification rate 

becomes 𝑚̇req
w-hum = max(0, 𝑚̇need

w-hum − 𝑚̇w-net).
Because moisture must be evaporated into the air stream, the max­

imum deliverable humidification is limited by the heating capacity 

that remains after sensible heating has been supplied during the same 

timestep. The remaining heating capacity is 

𝑄̇heat-rem = max
(

0, 𝑄̇max-heat − 𝑄̇coil-sens
)

, (15)

where 𝑄̇coil-sens [kW m−2] is the sensible heating rate delivered during 

the same timestep. The maximum humidification rate is then 

𝑚̇max
w-hum =

𝑄̇heat-rem
𝐿𝑣

. (16)

This gives 𝑚̇HVAC
w-hum = min(𝑚̇req

w-hum, 𝑚̇
max
w-hum).

Similarly, the dehumidifier system (b) activates when 𝑅𝐻in ex­

ceeds its upper hysteresis threshold (𝑅𝐻deh + Δ𝑅𝐻 ∕2). The needed 

moisture removal to reach (𝑅𝐻targ = 𝑅𝐻deh − Δ𝑅𝐻 ∕2) is 𝑚̇need
w-deh =

𝑚a(𝑞targ − 𝑞in)∕Δ𝑡. Accounting for environmental moisture exchange, the 

required dehumidification rate becomes 𝑚̇req
w-deh = max(0, 𝑚̇w-net − 𝑚̇need

w-deh).
The maximum condensate removal is constrained by both a 

humidity-ratio limit and an energy-capacity limit. The humidity-ratio 

limit is 

𝑚̇max,𝑞
w-deh = 𝑚̇supmax(0, 𝑞mix − 𝑞sup-min), (17)

where 𝑚̇sup [kg m−2 s−1] is supply air mass flow rate, 𝑞mix [kgv kg−1] is 

mixed-air specific humidity, and 𝑞sup-min [kgv kg−1] is saturation specific 

humidity at the minimum cooling-coil temperature. To avoid using the 

same cooling capacity twice within the same timestep, the remaining 

cooling capacity after sensible cooling is 

𝑄̇cool-rem = max
(

0, 𝑄̇max-cool − |

|

𝑄̇coil-sens||
)

, (18)

where 𝑄̇coil-sens [kW m−2] is the sensible cooling rate delivered during 

the same timestep. The corresponding energy-based dehumidification 

limit is 

𝑚̇max,𝐸
w-deh =

𝑄̇cool-rem
𝐿𝑣

. (19)

The maximum dehumidification rate is then 

𝑚̇max
w-deh = min

(

𝑚̇max,𝑞
w-deh, 𝑚̇

max,𝐸
w-deh

)

. (20)

Thus, the actual dehumidification rate becomes 𝑚̇HVAC
w-deh =

−min
(

𝑚̇req
w-deh, 𝑚̇

max
w-deh

)

.

Now using mass balance for moisture and using the same explicit 

update method, the indoor specific humidity evolves according to 

𝑞new
in = 𝑞old

in +

(

𝑚̇w-net + 𝑚̇HVAC
w-hum + 𝑚̇HVAC

w-deh
)

Δ𝑡
𝑚a

. (21)

3 . Results and Discussion

3.1 . Monthly and daily model performance evaluation

Table 5 summarizes the monthly performance of the VCWG model 

against actual electricity and gas consumption (daily aggregates in the 

instrumented building) using three complementary metrics: Bias, Root 

Mean Square Error (𝑅𝑀𝑆𝐸), and Pearson’s correlation coefficient (𝑟). 
Bias is calculated as simulated minus observed consumption; therefore, 

negative Bias values indicate model underestimation, while positive Bias 
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Table 5 

Monthly and pooled performance metrics comparing VCWG simulations with observed electricity 

and gas consumption from July 2025 to April 2026.

Period Electricity Gas

Bias [kWh] 𝑅𝑀𝑆𝐸 [kWh] 𝑟 Bias [m3] 𝑅𝑀𝑆𝐸 [m3] 𝑟

July 2.260 5.170 0.750 −0.072 0.411 −0.094

August 1.790 4.766 0.842 −0.105 0.387 0.676

September −3.421 4.121 −0.119 −0.594 1.578 0.764

October −5.720 6.333 0.094 −0.214 1.849 0.926

November −7.127 7.462 N.C. −1.288 2.960 0.703

December −7.712 7.874 N.C. −1.844 3.571 0.702

January −9.937 13.444 N.C. −0.960 5.772 0.594

February −9.367 9.700 N.C. −2.065 5.695 0.627

March −9.257 9.779 0.116 −2.126 4.429 0.810

April −9.048 9.427 −0.133 −1.775 3.341 0.846

All months pooled −5.711 8.261 0.464 −1.097 3.433 0.960

N.C. denotes cases where Pearson’s correlation coefficient was not calculated because the observed 

or simulated values had insufficient variability. Monthly Pearson’s correlation values are reported 

where calculable, including weak or negative values, for transparency. These monthly values should 

be interpreted cautiously during low-variance periods.

values indicate overestimation. Bias and 𝑅𝑀𝑆𝐸 quantify the direc­

tion and magnitude of model errors and remain interpretable across all 

operating regimes. Pearson’s correlation coefficient is intended to as­

sess agreement between simulated and observed temporal patterns, but 

it is only informative when the observed and simulated series exhibit 

sufficient variability. When the observed or simulated signal is nearly 

constant, the standard deviation approaches zero, making Pearson’s 𝑟
mathematically undefined or highly unstable. A primary example of 

this occurs during seasons when energy loads are governed almost en­

tirely by baseline domestic usage. Because this usage remains relatively 

constant and lacks the significant shifts driven by heating or cooling 

demands, there is no meaningful variability for the correlation to cap­

ture. In these cases, 𝑟 was not calculated and is reported as N.C. Where 

Pearson’s 𝑟 could be calculated, weak or negative values are reported 

for transparency, but month-specific correlations during low-variance 

periods are interpreted cautiously.

For monthly electricity consumption (Table 5), meaningful tempo­

ral variability occurs primarily during the cooling season. Accordingly, 

July 2025 and August 2025 show moderate to strong pattern agree­

ment (𝑟 = 0.750 and 0.842). From September 2025 onward, electricity 

is increasingly dominated by occupant-driven base loads rather than 

weather-driven cooling, and the resulting low and irregular variability 

weakens the diagnostic value of monthly correlation. This is reflected 

in weak or negative monthly electricity correlations in September 2025 

through April 2026, and in non-calculable values from November 2025 

through February 2026. In parallel, the magnitude of the electricity error 

increases in the winter, with January 2026 exhibiting the largest under­

estimation (Bias = −9.937 kWh) and the largest 𝑅𝑀𝑆𝐸 (13.444 kWh), 

consistent with baseline usage mismatches becoming more visible once 

cooling demand disappears. The negative Bias values from September 

2025 through April 2026 indicate systematic underestimation of mea­

sured electricity use during the non-cooling and heating-season months.

Gas consumption behaves differently because it retains meaning­

ful variability throughout the heating season. The model produces a 

fuel-side heating energy demand, which was converted to an equiv­

alent natural gas volume to match the utility data. A higher heating 

value of 10.35 kWh m−3 was used [48,49]. Monthly gas correlations 

are positive from August 2025 through April 2026 (𝑟 = 0.594 to 0.926), 

indicating that VCWG captures the timing and temporal evolution of 

heating demand more consistently than electricity use. In July 2025, 

gas consumption is close to zero, and the correlation is weak and nega­

tive (𝑟 = −0.094), which is expected because the gas signal has limited 

variability during the non-heating period. As the heating season ad­

vances, errors increase, with the largest 𝑅𝑀𝑆𝐸 occurring in January 

2026 (5.772 m3), followed closely by February 2026 (5.695 m3). This 

suggests that day-to-day variability in heating operation is increasingly 

shaped by thermostat choices, ventilation practices, and schedules that 

are not fully prescribed in the model. Late-winter demand is also more 

sensitive to uncertainty in infiltration and ventilation, because wind 

and stack effects amplify air exchange when the indoor–outdoor tem­

perature difference is the largest. In March 2026 and April 2026, gas 

𝑅𝑀𝑆𝐸 decreases to 4.429 and 3.341 m3, respectively, while correla­

tions remain strong (𝑟 = 0.810 and 0.846), indicating that the model 

continues to capture the heating-demand pattern during the late heating 

and shoulder-season period.

To address the limited interpretability of month-specific correla­

tions under low-variance conditions, Pearson’s correlation coefficient 

was also calculated using the pooled daily data across the full July 

2025–April 2026 validation period. The pooled correlations are 𝑟 = 0.464
for electricity and 𝑟 = 0.960 for gas consumption. These results indi­

cate moderate temporal agreement for electricity and strong temporal 

agreement for gas over the full monitoring duration. Therefore, the val­

idation separates two aspects of performance: monthly Bias and 𝑅𝑀𝑆𝐸
are used to evaluate magnitude agreement, while the pooled Pearson’s 

correlation provides a more informative assessment of temporal tracking 

across the full validation period.

3.1.1 . Daily energy consumption validation

Fig. 10 compares daily energy consumption from the building mea­

surements with VCWG-simulated consumption under the same mea­

sured outdoor forcing. The figure is split into electricity (Fig. 10a) and 

natural gas (Fig. 10b), which together reflect the dominant seasonal end 

uses in the building, with electricity primarily associated with plug and 

equipment loads and summer cooling, and gas primarily associated with 

space heating during the cold season.

In Fig. 10(a), measurements began in July 2025, but only July 

2025–September 2025 are shown because these months contain the pe­

riods where electricity consumption exhibits nontrivial variability and a 

visible seasonal transition. Outside this window, electricity consumption 

is largely dominated by baseline plug and equipment loads with weak 

weather-driven variability, so additional monthly panels would pro­

vide limited additional insight into model performance. For the months 

shown, the VCWG curve follows the observations closely in both mag­

nitude and timing of changes, indicating that the model captures the 

dominant drivers of day-to-day electricity demand when forced by real 

outdoor conditions. July 2025 displays the largest variability and several 

short-term increases in electricity consumption. VCWG reproduces these 

fluctuations and the overall level, including the higher-demand periods 
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Fig. 10. Daily observed and VCWG-simulated energy consumption for selected months under the conventional thermostat configuration. Markers indicate observations 

and solid lines indicate VCWG simulations. The natural gas panel covers September 2025 through April 2026 to represent the onset, progression, and late-season 

decline of heating demand.

and subsequent reductions. August 2025 shows a clearer structure with 

a rise toward mid-month followed by a pronounced drop and then lower 

electricity consumption later in the month; VCWG captures this evolu­

tion and the main turning points. September 2025 exhibits lower and 

more stable electricity demand compared to July 2025 and August 2025, 

consistent with reduced cooling requirements, and VCWG reproduces 

this shift and the reduced variability. Across all three months, the agree­

ment suggests that the modeled cooling-related electricity response and 

its interaction with baseline electrical loads are represented realistically 

at the daily time resolution.

Fig. 10(b) presents gas consumption (including domestic hot water 

demand) for September 2025–April 2026, capturing the onset, progres­

sion, and late-season decline of the heating season. September 2025 

shows gas use close to baseline, and VCWG remains near that level, 

reflecting minimal heating demand. In October 2025, observed gas con­

sumption increases and becomes more variable as outdoor temperatures 

decline. VCWG captures both the gradual rise in demand and the main 

day-to-day variations. In November 2025, gas use increases further and 

the observations show sustained higher values with intermittent peaks; 

VCWG reproduces the elevated level and most of the short-term fluctu­

ations. December 2025 marks sustained winter heating operation, with 

several multi-day periods of elevated demand that are closely followed 

by the model. January 2026 and February 2026 maintain high heating 

demand as outdoor temperatures remain low. The observations show 

persistently elevated gas consumption with moderate day-to-day vari­

ability, and VCWG reproduces the overall level and timing of these 

changes. March 2026 shows a transition from peak winter demand to­

ward lower heating loads, while April 2026 reflects further decline as 

outdoor conditions become milder. VCWG captures this seasonal reduc­

tion and continues to reproduce the main temporal structure of heating 

demand under real weather forcing. Slightly larger deviations appear 

during some higher-demand periods in winter, but the model continues 

to capture the main temporal structure of heating demand under real 

weather forcing.

Fig. 11 summarizes model skill by comparing VCWG-simulated and 

observed daily energy consumption against the 1∶1 perfect-agreement 

line. This view complements the monthly time series by showing mag­

nitude agreement across the full range of loads and by revealing whether 

errors depend on season or demand level.

For electricity (Fig. 11a), the points for July 2025 and August 2025 

span the widest consumption range and cluster around the 1∶1 line, 

indicating that VCWG captures both moderate and high electricity-

use days during cooling-dominated operation. Dispersion increases at 

higher consumption, which suggests larger errors on peak days, while 

the overall data cloud remains centered near the 1∶1 line. September 

2025 points occupy a narrower, low-consumption range and are tightly 

grouped, with a slight tendency to fall below the 1∶1 line, indicating 

mild underestimation when electricity demand is relatively stable.

For natural gas (Fig. 11b), seasonal clustering is more pronounced as 

heating demand increases from September 2025 through April 2026. 

September 2025 points remain near the origin and close to the 1∶1
line, consistent with near-baseline heating. October 2025 and November 

2025 cover the mid-range and align closely with the 1∶1 line, showing 

that VCWG reproduces the onset and strengthening of heating demand. 

December 2025, January 2026, and February 2026 span the highest 

gas-use days. Rather than showing a persistent bias, these peak winter 

months exhibit increased dispersion around the 1∶1 line at the upper 

end. March 2026 occupies an intermediate range between the peak 

winter months and the lower shoulder-season loads, while April 2026 

shifts toward lower gas consumption as heating demand declines. This 

indicates that while the model captures the overall magnitude of win­

ter heating, the absolute day-to-day variance naturally grows at higher 

loads. This wider scatter in the winter cluster is consistent with the in­

creased 𝑅𝑀𝑆𝐸 reported in Table 5. Overall, the scatter plots confirm 

strong agreement across seasons, with the largest deviations present­

ing as bidirectional scatter during high-demand periods rather than as a 

systematic over- or under-prediction.

The electricity and gas panels show consistent agreement between 

observed and simulated daily consumption during periods of active en­

ergy use. The model reproduces both the seasonal shifts in dominant end 

uses and the day-to-day variability within each month. The gas com­

parison also captures the transition from peak winter heating demand 
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Fig. 11. Observed versus VCWG-simulated daily energy consumption across seasons: (a) electricity and (b) gas. The dashed 1∶1 line denotes perfect agreement 

between simulations and observations. Points above the line indicate overestimation, while points below indicate underestimation. The gas panel covers September 

2025 through April 2026 to capture the full heating-season progression and shoulder-season decline.

toward lower shoulder-season gas use. In addition to aggregate en­

ergy agreement, we evaluate whether VCWG reproduces the underlying 

indoor and envelope state variables that govern heating and cooling de­

mand. This strengthens confidence that the VCWG setup, when driven 

by measured outdoor conditions and coupled with the indoor control 

behavior validated in the following section, can represent the building’s 

operational energy response at the hourly and daily timescales.

As an additional contextual check of local representativeness, mea­

sured electricity and natural gas consumption from two nearby Guelph 

buildings with the same archetype were normalized by floor area and 

compared with the simulated representative building. The comparison 

showed that VCWG generally followed the magnitude and seasonal 

pattern of nearby measured electricity and gas use intensities, support­

ing the representativeness of the selected building within this local 

archetype. In addition, previous VCWG validation for a 29-premise res­

idential neighborhood in London, Ontario showed close agreement in 

annual gas-use intensity and reproduced the observed seasonal pattern 

of monthly electricity consumption [31]. These contextual comparisons 

support local and cold-climate representativeness, but they do not re­

place the need for broader validation across building types, HVAC 

systems, climates, and urban morphologies.

3.1.2 . Targeted comparison with VCWG v3.0.0 and EnergyPlus v26-1-0

A targeted monthly benchmark was added to compare VCWG v3.1.0 

with both the previous VCWG v3.0.0 formulation and EnergyPlus v26-

1-0. Fig. 12 compares observed monthly electricity and natural gas 

consumption with VCWG v3.1.0, VCWG v3.0.0, and EnergyPlus v26-

1-0 over the July 2025–April 2026 validation period. Fig. 13 compares 

the sensible heating/cooling loads from the three simulations.

For electricity consumption, VCWG v3.1.0 improves the summer 

cooling-season agreement relative to VCWG v3.0.0. In July 2025 and 

August 2025, VCWG v3.0.0 substantially overpredicts electricity con­

sumption, while VCWG v3.1.0 remains closer to the observations 

and also shows smaller overprediction than EnergyPlus v26-1-0. From 

September 2025 through April 2026, all three models underpredict 

measured electricity use, with broadly similar errors during much of 

the heating season. This common underprediction suggests that a sub­

stantial part of the measured non-cooling electricity consumption is 

associated with plug loads, lighting, equipment schedules, or opera­

tional details that were not fully represented in any of the simulation 

setups. Therefore, the heating-season electricity discrepancy should not 

be interpreted as a limitation unique to VCWG v3.1.0.

For natural gas consumption, all three models reproduce the sea­

sonal increase from the shoulder season into winter and the decline 

toward spring. However, VCWG v3.1.0 generally provides smaller devia­

tions from observations than both VCWG v3.0.0 and EnergyPlus v26-1-0, 

especially during the main heating and late heating-season months. 

EnergyPlus v26-1-0 tends to overpredict gas consumption across nearly 

the full validation period, while VCWG v3.1.0 remains closer to the 

observed values in most months.

Overall, the benchmark supports two conclusions. First, relative to 

VCWG v3.0.0, VCWG v3.1.0 provides improved monthly energy agree­

ment in this case study, particularly for cooling-season electricity and 

heating-season natural gas. This supports the value of the new prog­

nostic indoor heat and moisture formulation, revised HVAC sensible 

and latent capacity constraints, dynamic cooling 𝐶𝑂𝑃  treatment, and 

comfort-related control structure. Second, relative to EnergyPlus v26-1-

0, VCWG v3.1.0 provides comparable or better monthly agreement for 

several energy-use patterns, especially natural gas consumption, while 

retaining internally coupled indoor heat and moisture dynamics, HVAC 

operation, comfort evaluation, and urban microclimate feedback.

3.1.3 . One-factor-at-a-time sensitivity analysis

A one-factor-at-a-time sensitivity analysis was added to quantify how 

selected uncertain parameters affect monthly electricity and natural gas 

predictions. The analysis was performed for January 2026 and August 

2025 to represent heating- and cooling-season operations, respectively. 

The tested parameters were infiltration rate, internal heat gains, and 

HVAC control setpoints. These parameters were selected because they 

directly affect air exchange, internal load magnitude, and thermostat-

driven heating and cooling demand.

Fig. 14 shows the sensitivity of monthly electricity and gas consump­

tion to infiltration rate. In January 2026, increasing infiltration substan­

tially increases natural gas consumption, confirming that heating-season 

gas use is strongly controlled by air-exchange losses. January 2026 elec­

tricity remains nearly unchanged because heating is primarily gas-driven 

in the present configuration. In August 2025, electricity consumption in­

creases with infiltration rate, while gas use remains close to zero, which 

is consistent with higher cooling load caused by greater exchange with 

warm outdoor air during the cooling season.

Fig. 15 shows the sensitivity to HVAC control setpoints. In January 

2026, increasing the heating setpoint increases monthly gas consump­

tion, as expected because a higher indoor temperature target increases 

the indoor-outdoor temperature difference and heating demand. In 
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Fig. 12. Monthly electricity and natural gas consumption from observations, VCWG v3.1.0, VCWG v3.0.0, and EnergyPlus v26-1-0 over the July 2025–April 2026 

validation period.

Fig. 13. Monthly sensible heating/cooling loads from observations, VCWG v3.1.0, VCWG v3.0.0, and EnergyPlus v26-1-0 over the July 2025–April 2026 validation 

period.

August 2025, increasing the cooling setpoint reduces monthly electric­

ity consumption because the cooling system operates less aggressively. 

This result confirms that HVAC control assumptions are among the most 

influential operational parameters for monthly energy prediction.

Fig. 16 shows the sensitivity to total internal heat gain. Monthly elec­

tricity consumption increases with internal heat gain in both January 

2026 and August 2025, reflecting the direct contribution of internal elec­

tric loads and the additional cooling burden during warm conditions. In 

contrast, natural gas consumption shows limited sensitivity to internal 

heat gain over the tested range. This indicates that, for the present case 

study, monthly gas consumption is more strongly governed by heating 

setpoint and infiltration rate than by the tested internal-gain range.

Overall, the sensitivity analysis shows that the dominant parameter 

influence depends on season and end use. Heating-season gas consump­

tion is most sensitive to infiltration rate and heating setpoint, while 

cooling-season electricity consumption responds strongly to cooling 

setpoint, internal gains, and infiltration rate. These results provide addi­

tional support for the validation by identifying which assumptions most 

strongly influence the monthly energy predictions and by showing that 

the model responds physically to key building and control parameters.

3.1.4 . Scope and generalizability of the validation

The present validation focuses on the HVAC configuration and model 

framework available in the monitored representative building. However, 
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Fig. 14. One-factor-at-a-time sensitivity of monthly electricity and natural gas consumption to infiltration rate for representative heating-season (January 2026) and 

cooling-season (August 2025) periods.

Fig. 15. One-factor-at-a-time sensitivity of January (2026) natural gas consumption to heating setpoint and August (2025) electricity consumption to cooling setpoint. 

Baseline markers indicate the setpoints used in the validation simulation.

Fig. 16. One-factor-at-a-time sensitivity of monthly electricity and natural gas consumption to total internal heat gain for representative heating-season (January 

2026) and cooling-season (August 2025) periods.

the VCWG platform itself is not restricted to this single configuration 

and has previously been extended to represent alternative building en­

ergy systems, including heat pumps, heat recovery, renewable systems, 

building-integrated thermal energy storage, and phase change materials. 

Therefore, the limitation of the present study is not the general modeling 

scope of VCWG, but the fact that the proposed HVAC model was field-

validated for one monitored HVAC configuration. Additional validation 

across other HVAC system types remains necessary [27,31].

Urban morphology can influence local microclimate, envelope heat 

exchange, and HVAC demand. This dependence is one motivation for 

using VCWG, because the model explicitly represents urban canyon 

geometry, vegetation, radiation exchange, vertical diffusion, building 

energy exchange, and indoor–outdoor feedback. Previous VCWG ap­

plications have included urban settings with different Local Climate 

Zone (LCZ) characteristics, including denser European street-canyon 

morphologies, mid-rise urban forms, and more open North American 

low-rise neighborhoods. Therefore, the present Guelph case should be 

interpreted as a local field validation of the proposed HVAC model 

framework, while the broader VCWG platform has been applied across 

a wider range of urban morphology types.

Although the extended monitoring period, normalized compari­

son with nearby buildings, and previous VCWG applications improve 
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Table 6 

Monthly and pooled hourly performance metrics comparing VCWG simulations with observed indoor air temperature, indoor relative humidity, 

and interior surface temperatures measured with the wall and ceiling thermocouples (Fig. 4). Metrics are computed at the hourly time step. 

The table reports calculable monthly Pearson’s correlation values, including weak or negative values, and to add pooled Pearson’s correlation 

coefficients across the full July 2025–April 2026 monitoring period.

Period In. Air Temp. [◦C] In. RH [%] Wall Surf. Temp. [◦C] Ceil. Surf. Temp. [◦C]

Bias 𝑅𝑀𝑆𝐸 𝑟 Bias 𝑅𝑀𝑆𝐸 𝑟 Bias 𝑅𝑀𝑆𝐸 𝑟 Bias 𝑅𝑀𝑆𝐸 𝑟

Jul 0.058 0.332 0.264 4.260 9.840 0.229 0.583 0.761 0.644 1.122 1.241 0.768

Aug −0.353 1.169 0.708 3.538 12.062 0.415 0.335 1.054 0.853 0.341 0.784 0.929

Sep 0.356 0.965 0.073 −1.714 8.665 0.733 1.027 1.430 −0.109 −0.651 1.552 −0.419

Oct 0.343 0.632 0.050 −2.067 5.144 0.867 1.289 1.391 0.610 −2.776 3.267 −0.285

Nov 0.512 0.540 0.058 −0.708 2.404 0.842 1.985 2.041 0.545 −5.117 5.306 0.496

Dec −0.154 0.207 0.190 −1.566 2.536 0.906 1.974 2.067 0.267 −7.217 7.405 0.264

Jan 0.033 0.431 0.239 −1.395 2.205 0.968 2.440 2.659 0.497 −7.723 7.951 0.521

Feb −0.203 0.734 0.188 −0.494 2.033 0.938 2.629 2.934 0.242 −7.146 7.354 0.409

Mar −0.214 0.325 0.006 −0.353 5.943 0.854 2.083 2.297 0.244 −5.562 5.776 0.330

Apr −0.585 0.751 −0.250 −0.037 9.368 0.842 1.218 1.389 0.583 −3.924 4.182 0.750

All months pooled −0.020 0.672 0.720 −0.038 7.014 0.950 1.547 1.913 0.740 −3.840 5.145 0.002

Monthly Pearson’s correlation values should be interpreted cautiously during low-variance periods.

confidence in the local representativeness of the results, the present val­

idation should not be interpreted as a universal validation across all 

building typologies, HVAC systems, climates, or Local Climate Zones 

(LCZ). The results support the monitored Guelph case and provide a 

methodological demonstration of the proposed prognostic HVAC and 

comfort-control framework. Broader validation across multiple building 

types, HVAC configurations, climates, and urban morphologies remains 

necessary before generalizing the proposed HVAC model.

3.2 . Time series model performance evaluation

Table 6 presents the corresponding monthly performance metrics 

computed at the hourly time resolution for indoor air temperature, in­

door relative humidity, and interior surface temperatures. Indoor air 

temperature is tightly regulated by thermostat control, which com­

presses the observed dynamic range and makes Pearson’s correlation 

highly sensitive to small phase shifts and measurement noise. Under 

these conditions, 𝑟 is easy to misinterpret and does not track absolute 

agreement. Therefore, indoor air temperature correlations are reported 

where calculable, but interpreted cautiously, and the evaluation empha­

sizes Bias and 𝑅𝑀𝑆𝐸. For variables with broader and more physically 

driven variability, especially indoor relative humidity and envelope sur­

face temperatures, 𝑟 remains a useful secondary indicator of pattern 

timing.

Hourly indoor air temperature results demonstrate consistently 

strong performance across the July 2025–April 2026 validation period. 

𝑅𝑀𝑆𝐸 remains below 1.2 ◦C throughout the study period. Bias remains 

small in magnitude, ranging from −0.585 ◦C to +0.512 ◦C, indicating 

that VCWG reproduces indoor air temperature levels without system­

atic drift. The pooled correlation for indoor air temperature is 𝑟 = 0.720, 

indicating that the model captures the broader temporal pattern across 

the full monitoring period, even though month-specific correlations can 

be weak under thermostat-limited variability.

Hourly relative humidity shows the largest deviations during summer 

months and in April 2026, followed by sustained improvement through 

much of the heating season. In July 2025 and August 2025, VCWG re­

sults for indoor relative humidity fluctuate around the setpoint due to 

high variations in outdoor humidity dynamics during the summer, lead­

ing to Bias values of +4.260% and +3.538% with 𝑅𝑀𝑆𝐸 values near 10 to 

12%. From September 2025 through March 2026, bias becomes slightly 

negative, ranging from −1.714% to −0.353% and 𝑅𝑀𝑆𝐸 drops substan­

tially, reaching its lowest value in February 2026 (𝑅𝑀𝑆𝐸 = 2.03%). 

April 2026 shows a near-zero mean bias (−0.037%) but a higher 𝑅𝑀𝑆𝐸
of 9.368%. Correlation for relative humidity is strong from September 

2025 onward (𝑟 = 0.73 to 0.97), and the consistently high values from 

September 2025 to April 2026 indicate that VCWG captures the timing 

and temporal evolution of indoor humidity well during the heating and 

shoulder-season periods. The pooled relative humidity correlation is also 

strong (𝑟 = 0.950), supporting the model’s ability to capture the overall 

hourly humidity pattern across the full validation period.

Interior surface temperatures measured by the wall and ceiling ther­

mocouples (Fig. 4) show a clear seasonal structure that complements 

the indoor air validation. Wall surface temperatures exhibit a posi­

tive bias across all months, indicating that VCWG generally predicts 

warmer wall surface temperatures than measured. 𝑅𝑀𝑆𝐸 ranges from 

0.761 ◦C in July 2025 to 2.934 ◦C in February 2026. March 2026 and 

April 2026 show wall surface temperature Bias values of +2.083 ◦C and 

+1.218 ◦C, respectively. Correlation is strongest in July 2025, August 

2025, October 2025, and April 2026 (𝑟 = 0.583 to 0.853), while lower or 

negative correlations in some months indicate that local surface heat ex­

change, sensor placement, and reduced dynamic range affect temporal 

agreement. Across the full monitoring period, the pooled wall surface 

temperature correlation is 𝑟 = 0.740, indicating good overall temporal 

agreement despite month-to-month variability.

Ceiling surface temperatures are more challenging to reproduce, par­

ticularly in the winter. The model overestimates ceiling temperature in 

July 2025 and August 2025 with Bias values of +1.122 ◦C and +0.341 ◦C, 

respectively, then shifts to an increasingly cool bias from September on­

ward. The negative bias reaches −7.217 ◦C in December 2025, −7.723 ◦C 

in January 2026, and −7.146 ◦C in February 2026. March 2026 and 

April 2026 show reduced but still negative ceiling surface temperature 

Bias values of −5.562 ◦C and −3.924 ◦C, respectively. The correspond­

ing 𝑅𝑀𝑆𝐸 increases during winter and decreases again in April 2026. 

Ceiling surface temperature correlation remains high in the summer, 

from July 2025 to August 2025, with 𝑟 = 0.768 to 0.929, and improves 

again in April 2026 with 𝑟 = 0.750. September 2025 and October 2025 

ceiling surface temperature correlations are reported for transparency 

but are not interpreted as meaningful pattern agreement because the 

computed values are negative, with 𝑟 = −0.419 and 𝑟 = −0.285, respec­

tively. The pooled ceiling surface temperature correlation is weak, with 

𝑟 = 0.002, mainly because the pooled coefficient reflects both within-

month temporal tracking and between-month seasonal consistency. The 

observed ceiling surface temperature remains relatively stable across 

the monitoring period because of indoor thermal regulation, while the 

simulated ceiling surface temperature shows a strong heating-season off­

set. Therefore, the near-zero pooled correlation is interpreted primarily 

as evidence of seasonal inconsistency in the simulated ceiling surface 

temperature level, rather than a complete absence of within-month tem­

poral agreement. This overall behavior suggests that ceiling surface 

temperatures are more sensitive to localized radiant exchange, vertical 

stratification near the ceiling, and envelope parameter uncertainty.
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Fig. 17. Comparison between observed and VCWG-simulated indoor air temperature for July 2025–April 2026. Panel (a) shows hourly temperature time series 

with day of month on the horizontal axis, while panel (b) shows mean diurnal temperature profiles aggregated over each month ± one standard deviation. Outdoor 

temperature is included where available for contextual reference.

Fig. 17 evaluates how well VCWG reproduces the measured indoor 

air temperature for July 2025–April 2026 when driven by the observed 

outdoor conditions. The comparison is shown in two complementary 

views: the full hourly evolution in Fig. 17(a) and the mean diurnal pro­

file in Fig. 17(b). Together, these plots test both time series tracking 

(hourly agreement through weather events and seasonal transitions) and 

systematic behavior (persistent diurnal bias or amplitude errors).

In Fig. 17(a), the observed indoor temperature (red squares) remains 

tightly controlled around a nearly constant level across all months, even 

as outdoor temperature (blue dashed) changes substantially from the 

summer to the spring shoulder season. This pattern is consistent with 

active HVAC control maintaining a setpoint. The VCWG indoor tempera­

ture (black) follows the measurements with near overlap throughout the 

study period, indicating that the model reproduces the controlled indoor 

conditions under realistic forcing. Importantly, the agreement holds not 

only during relatively steady periods but also across short-term outdoor 

fluctuations, suggesting that the modeled building thermal response and 

control logic are behaving consistently. From July 2025 through early 

September 2025, outdoor temperatures are higher and more variable, 

yet the indoor series stays stable and VCWG tracks it closely. As the 

season progresses into October 2025, November 2025, December 2025, 

January 2026, and February 2026, outdoor temperatures drop markedly 

and the contrast between indoor and outdoor temperatures increases, 

while the indoor series remains steady and continues to be reproduced 

by VCWG without visible drift. In March 2026 and April 2026, outdoor 

temperatures begin to rise again, but the indoor temperature remains 

controlled and the simulated indoor series continues to follow the mea­

sured values closely. A modest shift in the indoor level and slightly 

increased short-term variability in late August 2025 is also reflected 

by the model, which indicates that the simulation can capture small 

changes in the indoor operating condition rather than producing a fixed, 

overly idealized indoor trajectory.

Fig. 17(b) provides a structured check of diurnal behavior by aver­

aging each month across the hour of day. This view is useful because 

small systematic errors can be hard to detect in the hourly plots but be­

come clear when aggregated. The observed indoor temperature shows 

an almost flat diurnal profile in every month, with only minor hour-

to-hour variation. VCWG reproduces both the mean level and the very 

weak diurnal amplitude, with the simulated curve closely aligned to the 

observed points across the entire 24-hour cycle. In contrast, the outdoor 
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temperature exhibits a clear diurnal cycle in the summer, with a day­

time peak and nighttime minimum that is strongest in July 2025 and 

August 2025, weakens through September 2025 and October 2025, and 

becomes much smaller in November 2025, December 2025, January 

2026, and February 2026. The outdoor diurnal cycle becomes more visi­

ble again in March 2026 and April 2026 as outdoor conditions transition 

toward spring, while the indoor diurnal profile remains comparatively 

stable. The indoor series does not mirror that outdoor cycle, which is ex­

pected for a conditioned space, and VCWG reproduces this decoupling 

correctly. The lack of a noticeable phase shift or amplitude bias in the in­

door diurnal curves indicates that the model does not artificially amplify 

outdoor-driven fluctuations indoors, nor does it introduce a persistent 

timing error associated with thermal inertia or control response.

Overall, Fig. 17(a) and (b) show that VCWG captures both the in­

stantaneous indoor temperature evolution and the aggregated diurnal 

characteristics over a multi-month period spanning summer, winter, 

and shoulder-season conditions. This temperature agreement supports 

the credibility of the subsequent energy validation, because it indicates 

that the model maintains realistic indoor operating conditions while 

responding to measured outdoor forcing.

Fig. 18 shows the hourly and mean diurnal interior wall surface tem­

peratures. As noted earlier, the simulated wall temperatures show a 

warm bias across the validation period. Furthermore, there is a small 

diurnal variability that is visible in both the model output and the 

measurements.

Fig. 19 shows the hourly and mean diurnal indoor relative hu­

midity. The model skill in maintaining the indoor relative humidity 

setpoint is very good. In the cooling season (July 2025, August 2025, 

and September 2025) a diurnal cycle in relative humidity is observed, 

likely due to outdoor fluctuations (night-time high relative humidity and 

day-time low relative humidity). However, the amplitude of such diurnal 

variability is damped during the heating season and shoulder-season 

months. The March 2026 and April 2026 profiles show that the model 

continues to capture the main humidity pattern as outdoor conditions 

transition toward spring, although April 2026 shows larger short-term 

variability around a near-zero mean bias. Overall, the VCWG model does 

not exhibit a substantial bias in predicting the indoor relative humidity.

Fig. 20 illustrates the validation of the model’s surface temperature 

predictions for the roof and northeast wall over a 24-hour period on 

December 21, 2025. The continuous curves depict the simulated results 

from the VCWG model, while the overlaid thermal images provide in­

dependent empirical verification at four-hour intervals (00:00, 04:00, 

08:00, 12:00, 16:00, 20:00 local time). As shown in the figure, the wall 

temperatures (red markers) are reproduced more consistently than the 

roof (blue markers). For the wall, the simulation predicts a diurnal cy­

cle in exterior wall temperature, which the observations do not suggest. 

The largest mismatch occurs around midday where the simulated wall 

is warmer by roughly 5◦C. In contrast, the roof exhibits larger and more 

systematic offsets, with errors on the order of several degrees during the 

night and early morning and reaching nearly 10◦C around noon. This 

behavior is consistent with the roof being strongly controlled by radia­

tive exchange with the sky and by uncertain surface optical properties, 

such as emissivity [46]. The thermal image of the roof indicates large 

temperature variations of up to 10◦C, which makes the measurement 

uncertain. Overall, the biases in the exterior surface temperatures are 

compensated by convective heat transfer coefficient parameterizations 

in VCWG, so that the building heat loss or gain are not under-predicted 

or over-predicted.

3.3 . Observed predicted mean vote (𝑃𝑀𝑉 ) behavior and physical drivers

Fig. 21 compares the hourly 𝑃𝑀𝑉  time series and mean diurnal 

𝑃𝑀𝑉  profile between Ladybug-derived observations and VCWG output 

across the summer, winter, and shoulder months from July 2025 to 

April 2026. Panel (a) shows the hourly 𝑃𝑀𝑉  evolution, while panel (b) 

Fig. 18. Wall surface temperature validation for July 2025–April 2026. The black line represents the VCWG simulation, while red markers show the thermocouple 

observations. Diurnal profiles (b) include shaded uncertainty bands for both simulated and measured data (± one standard deviation). (For interpretation of the 

references to colour in this figure legend, the reader is referred to the web Version of this article.)
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Fig. 19. Comparison between observed and VCWG-simulated indoor relative humidity for July 2025–April 2026. Panel (a) shows hourly humidity time series with 

day of month on the horizontal axis, while panel (b) shows mean diurnal humidity profiles ± one standard deviation aggregated over each month.

Fig. 20. Validation of modeled exterior surface temperature against observed 

exterior mean surface temperature by thermal imaging. Comparison of simulated 

(VCWG) and observed surface temperatures for the roof and northeast wall on 

21 December 2025.

shows the mean diurnal 𝑃𝑀𝑉  profile with shaded bands representing 

mean ± one standard deviation. The results show that 𝑃𝑀𝑉  remains 

persistently negative throughout the day with only weak diurnal vari­

ation, consistent with a mechanically conditioned space where indoor 

air temperature is regulated and does not swing strongly within a day. 

VCWG reproduces the small temporal variations reasonably well, but 

both the observations and simulations indicate that the indoor environ­

ment is systematically cool in terms of 𝑃𝑀𝑉  even when the thermostat 

maintains a stable air temperature.

The measured indoor conditions help explain this result. The 𝑃𝑀𝑉
was calculated using all required environmental variables obtained from 

indoor sensors, including indoor air temperature, relative humidity, 

mean radiant temperature, and air velocity. The metabolic rate was 

kept constant at 1.2 met, representing light office-type activity, while 

clothing insulation was assigned seasonally, with 𝑐𝑙𝑜 = 0.5 for warm 

months and 𝑐𝑙𝑜 = 1.0 for cold months. For the winter case discussed 

here, 𝑐𝑙𝑜 = 1.0 was used. During the measured winter period (e.g., 1 

December 2025), the indoor air temperature is tightly controlled at 𝑇𝑖𝑛 ≈
22.7–22.8 ◦C, while the MRT remains slightly lower at 𝑇𝑚𝑟𝑡 ≈ 22.0 ◦C. 
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Fig. 21. Predicted mean Vote (𝑃𝑀𝑉 ) comparison between Ladybug-derived observations and VCWG output from July 2025 to April 2026. Values near zero indicate 

neutral thermal sensation, with the shaded bands in (b) illustrating the changes in comfort levels throughout the diurnal cycle (mean ± one standard deviation).

Fig. 22. Measured indoor air speed for December 2025 ((a) time series and (b) diurnal mean ± one standard deviation).

Relative humidity is very low (RH ≈ 15–17%), but, within the Fanger 

formulation, humidity typically has a weaker effect on 𝑃𝑀𝑉  than oper­

ative conditions and air movement at these temperatures. In contrast, as 

shown in Fig. 22, the measured indoor air speed is consistently high for 

an occupied zone (≈ 0.47 m s−1). The anemometer was not positioned 

directly in a ventilation channel or supply air path, and the nearby wall 

is an interior partition rather than an exterior corner. The sensor loca­

tion was selected to support stable long-term monitoring in an occupied 

office space. Such air motion increases convective heat loss from the 

body and can drive 𝑃𝑀𝑉  to strongly negative values even when 𝑇𝑖𝑛
and 𝑇𝑚𝑟𝑡 are near conventional heating setpoints. The small but persis­

tent 𝑇𝑖𝑛 − 𝑇𝑚𝑟𝑡 offset further contributes through reduced MRT, which is 

consistent with the broader observation of cool interior surfaces in the 

winter, particularly when wall temperatures drop and lower the radiant 

field experienced by occupants.

Although the calculated 𝑃𝑀𝑉  values were low, they should not 

be interpreted as direct evidence of occupant discomfort. Occupant 

behavior provides important context. Despite the low 𝑃𝑀𝑉  values 

shown in Fig. 21, occupants did not increase heating setpoints dur­

ing winter, which suggests that the indoor conditions were acceptable 

in practice. This apparent difference between 𝑃𝑀𝑉 -based assessment 

and observed occupant response may reflect adaptive behavior, such as 

wearing heavier clothing at certain times, changes in activity level, or 

acclimatization to slightly cooler indoor conditions. Therefore, in this 

case, the low 𝑃𝑀𝑉  values mainly indicate that the measured indoor 

environment promoted greater heat loss from occupants, due primar­

ily to elevated air speed and slightly lower radiant temperature, rather 

than demonstrating that occupants necessarily perceived the space as

uncomfortable.
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4 . Conclusion

The primary outcome of this research was the development and 

validation of VCWG v3.1.0, a unified internally coupled single-solver 

modeling framework in which indoor temperature and specific humid­

ity evolve as prognostic state variables while remaining natively coupled 

to a multi-physics urban canyon model. The framework was evaluated 

against a July 2025–April 2026 period of high-resolution, co-located 

measurements from an instrumented building in Guelph, Ontario, with 

simulations forced by on-site outdoor observations. A targeted monthly 

energy benchmark against VCWG v3.0.0 and EnergyPlus v26-1-0 was 

also included to evaluate the advancement of VCWG v3.1.0 within 

the VCWG model family and to provide an external reference for pre­

dicted electricity and natural gas consumption under comparable input 

assumptions. The key findings are summarized below:

1. VCWG v3.1.0 establishes a practical middle ground between 

indoor-focused building energy simulators and outdoor-focused 

urban microclimate tools. By resolving the prognostic canyon 

microclimate alongside indoor heat and moisture states and 

an active HVAC response, the framework evaluates the fully 

coupled indoor–outdoor system within a single computational 

environment, reducing the synchronization, data-exchange, and 

timescale-management challenges associated with external co-

simulation. This internal coupling is intended as a computation­

ally efficient framework for long-duration comfort, humidity, 

HVAC, and urban microclimate studies, rather than a universal re­

placement for high-fidelity external co-simulation when detailed 

multi-zone building physics are required.

2. The prognostic formulation reproduces hourly indoor conditions 

with high fidelity across the multi-month simulation period. The 

model maintains a Root Mean Square Error (𝑅𝑀𝑆𝐸) of 0.7 ◦C 

for indoor air temperature and 7% for relative humidity.

3. The framework captures seasonal energy regime transitions, 

demonstrating robust agreement for cooling-dominated electric­

ity variability in summer and heating-dominated natural gas 

consumption in winter and the shoulder-season transition.

4. Independent envelope checks indicate that the largest remain­

ing thermal mismatches occur on sky-exposed surfaces. Even 

when indoor air temperature error is low, thermal imaging shows 

closer agreement for external wall surfaces than for roof sur­

faces, identifying radiative boundary conditions and roof surface 

parameterization as dominant sensitivities.

5. The native two-way coupling enables physically consistent 

indoor–outdoor feedback analysis. The framework captures how 

sensible and latent heat rejected by the HVAC system modifies 

canyon microclimate states and how those modified states feed 

back into building thermal loads.

6. The targeted monthly benchmark shows that VCWG v3.1.0 im­

proves monthly energy agreement relative to VCWG v3.0.0, par­

ticularly for cooling-season electricity and heating-season natural 

gas consumption, while also providing comparable or smaller de­

viations than EnergyPlus v26-1-0 for several monthly energy-use 

patterns in this case study.

7. By explicitly resolving indoor specific humidity rather than re­

lying on static load assumptions, the model provides a credible 

basis for evaluating occupant comfort. Comfort indices that de­

pend on transient moisture cycles can be interpreted with greater 

confidence than dry-bulb setpoint tracking alone.

8. This validation establishes a basic foundation for 

neighborhood-scale and urban-scale digital twin applications. 

Demonstrated performance under measured forcing supports 

observation-driven tracking of building states and enables 

quantitative “what-if” testing for operational optimization and 

climate resilience strategies.

4.1 . Recommendations for future work

Recommendations for future work include:

1. Extend validation beyond this study by testing additional build­

ing types, HVAC configurations, climates, operational typologies, 

and urban morphologies, followed by district-scale simulations to 

quantify aggregate sensible and latent heat feedback on canyon 

microclimate conditions.

2. Reduce uncertainty in roof and ceiling performance by refining 

radiative exchange and boundary condition treatments and by 

better constraining surface optical properties and convective heat 

transfer coefficients, particularly for sky-exposed surfaces.

3. Improve operational realism by incorporating occupant-driven 

schedules and calibrated internal gains, and by evaluating al­

ternative control strategies, including adaptive comfort-based 

thermostat logic.

4. Develop an updatable digital twin workflow that integrates cali­

bration and state updating with streaming sensor inputs, allowing 

key indoor and canyon states, along with associated uncertainties, 

to evolve over time for real-time control and retrofit evaluation.

5. Benchmark VCWG v3.1.0 against external VCWG–EnergyPlus 

co-simulation workflows for representative low-rise, mid-rise, 

and high-rise buildings to quantify trade-offs among accuracy, 

computational cost, synchronization requirements, and building-

system detail.
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