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ABSTRACT

Architectural design is a critical factor in achieving carbon neutrality goals in the building sector, but its sig-
nificant emission reduction potential for buildings remains largely unrealized due to the lack of rapid, reliable
performance simulation tools in the early design stage. This study introduces an efficient, hybrid grey-box model
by coupling an enhanced resistance—capacitance (RC) network model together with Perez sky model and
polygon-clipping algorithm for building facade solar irradiance calculation. The model enhanced robustness to
design variations and physical interpretability while keeping computational efficiency. Validation across typical
building models in multiple climate zones demonstrates high agreement with industry-standard EnergyPlus
predictions, achieving a mean R2 of 0.92 with a 90% reduction in computational cost. This work wrapped the
model into RCBIdGH, an energy calculation plugin in the mainstream 3D modeling software Rhino. The incor-
poration of a parameter optimization process based on the SSIEA demonstrates the tool’s effectiveness in design
space exploration and the identification of optimal design parameter combinations, providing architects and
researchers with a rapid iteration energy assessment tool for the early design stage. By embedding RC-based
building performance analysis into the parametric design workflow, this tool reduces the complexity of
performance-driven building form exploration during early design stages, which offers a practical approach for

performance-driven building design exploration.

1. Introduction

The building sector accounts for approximately 36-39% of global
carbon emissions (Hu et al., 2025; Rock et al., 2023), making it critical
for achieving carbon neutrality goals (Idrissi Kaitouni et al., 2000; Chen
et al., 2022; Shin et al., 2025; Too et al., 2022; Liu et al., 2025).
Architectural decisions during early design stages—including building
form, orientation, envelope parameters, and passive/active technology
integration—exert pivotal influence on lifecycle energy consumption
and carbon emissions (Jgrgensen and Ma, 2025; Ma et al., 2023; Li et al.,
2022; Feng et al., 2025), yet the sector's emission reduction potential
remains largely unrealized due to lack of rapid, reliable performance
simulation tools supporting iterative design exploration.

Designers require tools capable of rapidly evaluating performance
across alternative design options, but existing building performance
simulation (BPS) approaches face fundamental trade-offs. Traditional
white-box models (EnergyPlus, TRNSYS) achieve high fidelity but
require complex inputs and substantial computation that preclude rapid
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iteration (Coakley et al., 2014). Data-driven black-box models enable
near-real-time prediction but exhibit poor generalization beyond
training data and lack physical interpretability (Loonen et al., 2017).
Grey-box models based on resistance-capacitance (RC) networks offer
promising middle ground but face limitations in solar heat gain calcu-
lation and parametric design integration that constrain practical appli-
cation (Zhang et al., 2023; Lou et al., 2025). This study addressed those
limitations by developing an enhanced RC model integrated into the
Grasshopper parametric platform, enabling rapid, reliable performance
evaluation during the design exploration process.

2. Literature review
2.1. Building performance simulation approaches
Building performance simulation (BPS) methodologies can be

broadly categorized into three paradigms: white-box, black-box, and
grey-box models, each representing distinct trade-offs between physical
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fidelity, computational efficiency, and practical applicability (Li et al.,
2021).

White-box models are grounded in first-principles physics, employ-
ing detailed mathematical representations of heat transfer, mass bal-
ances, and thermodynamic processes. Representative tools include
EnergyPlus, TRNSYS, and DOE-2, which solve coupled differential
equations governing conduction, convection, radiation, and airflow.
These models have been extensively validated against experimental data
and are widely recognized as industry-standard benchmarks for building
energy simulations (Shahcheraghian et al., 2024; Hong et al., 2018).
EnergyPlus, developed by the US Department of Energy, incorporates
sophisticated algorithms, including conduction transfer function (CTF),
the TARP convection model, and detailed fenestration calculations
(Magni et al., 2021). TRNSYS offers modular flexibility for system-level
simulations and has been applied in solar thermal systems, HVAC op-
timizations, and renewable energy integration studies (Loonen et al.,
2017). These tools have enabled significant advances in building science
research and have been adopted into building codes and standards
development worldwide (Crawley et al., 2008).

Black-box models leverage statistical learning and machine learning
techniques to establish input—output mappings without explicit physical
modeling. Artificial neural networks (ANNs) have been applied to pre-
dict building energy consumption based on weather data, occupancy
patterns, and building characteristics (Roman et al., 2020). Support
vector machines (SVMs) have demonstrated effectiveness in forecasting
short-term building loads (Kaytez et al., 2015). More recently, deep
learning architectures including recurrent neural networks (RNNs) and
long short-term memory (LSTM) networks have been employed for time
series energy prediction (Luo and Oyedele, 2021; Waheed and Xu,
2025). Gradient boosting methods such as XGBoost have shown strong
performance in building energy benchmark applications. These data-
driven approaches have been successfully deployed in building energy
management systems, demand response programs, and smart grid ap-
plications, where historical operational data is abundant (Li et al., 2025;
Cheng and Yu, 2019).

Grey-box models represent a hybrid paradigm that combines
simplified physical structure with data-driven parameter identification.
Among grey-box approaches, resistance-capacitance (RC) network
models have emerged as particularly promising for building thermal
simulation (Beli¢ et al., 2021). The RC approach abstracts building
thermal dynamics using electrical circuit analogies, where thermal
resistance (R) represents heat transfer paths and thermal capacitance C
represents heat storage elements. This formulation has been extensively
developed for building applications. RC models have been successfully
applied in model predictive control (MPC) systems, building energy
management, and district heating optimization (Macia Cid et al., 2024;
Zheng et al., 2024). The ISO 13790 standard has codified simplified RC
methods for building energy calculations, establishing their acceptance
in regulatory frameworks (Vivian et al., 2017; Maccarini et al., 2021).

2.2. RC network models in building thermal simulation

The development of RC network models for building applications has
progressed through several stages, with increasing sophistication in
model structure and parameter identification methods (Wang et al.,
2019; Wang et al., 2022). The RC approach abstracts building thermal
dynamics using electrical circuit analogies, where thermal resistance
represents heat transfer paths and thermal capacitance represents heat
storage elements. This formulation results in analytically solvable linear
differential equations that substantially reduce computational cost and
convergence difficulty compared to finite difference and finite element
methods (Yang et al., 2024). Early work focused on simple first order
models for single zone buildings, which were subsequently extended to
multi node configurations capable of representing more complex ther-
mal dynamics.

Model complexity can be varied from simple 2R1C configurations to
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more sophisticated 7R2C or higher order networks, enabling calibration
to specific accuracy requirements. Lower order models are typically
employed in Model Predictive Control applications where computa-
tional speed is paramount and real time operation is required (Wang
et al., 2022; Bacher and Madsen, 2011). Harb and Boyanov demon-
strated that 3R2C models can achieve acceptable accuracy for fore-
casting thermal response with proper parameter identification. Higher
order models are preferred for energy simulation tasks requiring greater
fidelity, particularly when capturing dynamic thermal mass effects is
important. Recent comprehensive reviews indicate that the accuracy of
third order or higher RC models does not improve significantly
compared to lower order alternatives for many practical applications,
suggesting that model selection should balance complexity against
computational demands (Yang et al., 2024).

Parameter identification for RC models has been addressed through
various approaches. The ISO 13790 standard has codified simplified RC
methods for building energy calculations, establishing their acceptance
in regulatory frameworks and providing standardized parameter defi-
nitions (Vivian et al., 2017; Maccarini et al., 2021; Marty-Jourjon et al.,
2022). Unscented Kalman filtering methods have been applied to esti-
mate RC parameters from measured data while quantifying uncertainty
(Chen et al., 2021). Genetic algorithms and particle swarm optimization
have been used for parameter optimization against monitored building
data (Wang et al., 2019). More recently, physics informed neural net-
works have been combined with RC model structures to improve
parameter estimation accuracy (Chen et al., 2023).

Solar heat gain treatment in RC networks has evolved from simple
constant coefficients to more sophisticated approaches. Early imple-
mentations used fixed solar gain coefficients or monthly average values
(Tamm et al., 2020; Diaz-Hernandez et al., 2020; Mathews et al., 1994).
Direction based allocation factors were subsequently introduced to ac-
count for facade orientation effects (Bruno et al., 2015). Recent work has
explored coupling RC models with simplified radiation algorithms,
including the isotropic sky model and the Perez anisotropic sky model
(Loutzenhiser et al., 2007; Summa et al., 2022). However, most existing
implementations still employ simplified treatments that neglect complex
spatiotemporal variations in solar radiation caused by self-shading and
inter-building shading, introducing significant errors for buildings with
complex geometry or in dense urban environments.

RC models have been successfully applied in model predictive con-
trol systems, building energy management, demand response programs,
and district heating optimization (Macia Cid et al., 2024; Zheng et al.,
2024; Arroyo et al., 2022). The application scope is progressively
advancing from envelope scale models to mesoscale single or multi zone
models (Shen et al., 2018), and further to macro level urban building
energy simulations (Yang et al., 2024). This expanding application
domain underscores the need for RC model implementations that
maintain computational efficiency while improving accuracy in
handling solar radiation and complex building geometries.

2.3. Parametric platform integration for building simulation

Parametric design platforms, particularly Grasshopper in Rhinoceros
3D, have transformed architectural practice by enabling algorithmic
generation and manipulation of building geometries (Ericson, 2017;
Bedra et al., 2023). Integration of building performance simulation into
these environments has focused primarily on coupling high-fidelity tools
through interfaces such as Ladybug Tools (EnergyPlus/Radiance inte-
gration) (Aguilar-Carrasco et al., 2023; Sadeghipour Roudsari et al.,
2013), ClimateStudio (GPU-accelerated energy modeling) (Li et al.,
2023), and similar platforms (Al-janabi et al., 2019; Ercan and Elias-
Ozkan, 2015). Urban-scale applications have emerged through tools
like CitySim interfaces (Peronato et al., 2017). Optimization capabilities
have been enabled through Galapagos (genetic algorithms) (Rutten,
2013), Octopus (SPEA-2/HypE) (Huang et al., 2026), and Wallacei
(NSGA-II) (Makki et al., 2018), supporting automated design space
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exploration (Zhang, 2024; Li et al., 2025).

Despite significant advances, substantial barriers remain in the
practical application of BPS tools during early-stage parametric design.
Current simulation tools require expertise in energy simulation, and
running large numbers of parametric simulations involves prohibitively
high computation times (Bhatia et al., 2024). Research indicates that
architects prefer tools capable of providing fast outcomes appropriate to
the design stage, even if accuracy is somewhat compromised (Mahmoud
et al., 2020). Workflow complexity represents another significant bar-
rier, particularly when handling complex geometries such as shading
systems, non-orthogonal surfaces, and multi-zone configurations.
Existing integration approaches often involve complex data conversion
workflows that introduce additional barriers for practitioners, limiting
the accessibility of performance-driven design methods (Attia et al.,
2012).

2.4. Research gap

Despite the advancements outlined above, significant gaps remain
that limit the practical application of BPS tools in early-stage parametric
design:

2.4.1. Computational efficiency limitation of white box model

EnergyPlus and similar tools achieve high prediction accuracy, but
they require extensive input data specification and substantial compu-
tational resources. For complex multi-zoned buildings, simulation time
can extend to several minutes or even hours per configuration, rendering
them impractical for design space exploration involving hundreds or
thousands of alternatives.

2.4.2. Generalization limitation of black-box model

Data-driven approaches suffer from fundamental constraints when
applied to early-stage design. They exhibit poor generalization beyond
training data distribution, lack physical interpretability, and are sus-
ceptible to spurious correlation. When applied to novel building con-
figurations outside the training dataset, prediction error can exceed
30%, undermining confidence in design decision-making.

2.4.3. Solar heat gain calculation limitations in existing RC model

Most RC model implementation employs simplified treatment for
solar heat gains: constant solar heat gain coefficient, direction-based
allocation factors, or regression-based correction terms. These simplifi-
cations neglect the complex temporal and spatial variations in solar
radiation caused by self-shading, inter-building shading, and dynamic
environmental obstruction. Introducing significant error, particularly
for buildings with complex geometry or in dense urban environments.

2.4.4. Workflow complexity in parametric integration

Existing integration approaches often involve complex data conver-
sion workflows, particularly when handling complex geometry such as
shading systems, non-orthogonal surfaces, and multi-zone configura-
tions. This workflow complexity introduces additional barriers for
practitioners, limiting the accessibility of performance-driven design
methods.

2.5. Contribution of this work

To address the identified limitations of existing RC models in solar
heat gain calculation accuracy and their inconvenience in parametric
design workflows, this study proposes and implements a grey-box
simulation method integrated into the Grasshopper platform. This
approach simultaneously tackles precision issues at the algorithm level
of RC models and usability challenges in practical applications.

The primary contributions of this research are threefold. First,
develop a dynamic solar radiation calculation module coupled with the
RC model, which computes solar radiation intensity and shading effect
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on each surface in real time based on hourly solar position and building
geometry, enhancing the RC model's prediction accuracy under varying
orientation and shading conditions. Second, integrate the enhanced
7R1C model with the solar radiation module into a Grasshopper plugin
named after RCBIAGH (https://github.com/andersonspy/RCBIdRH)
that directly parses parametric geometry, automatically identifies and
maps thermal parameters, and eliminates the complex data import/
export workflow. Third, validate the method through comparison with
field measurement and EnergyPlus simulation across multiple climate
zones, confirming the component's accuracy and computational effi-
ciency gains, and demonstrating its applicability in an evolutionary
optimization context using the SSIEA (Steady-State Island Evolutionary
Algorithm) for building form optimization.

3. Methodology

This chapter describes the computational methodology and valida-
tion approach employed by the RCBIAGH toolkit. The method (Fig. 1)
integrates a seventh-order RC network (7R1C) thermal model with a
dynamic solar radiation calculation module, achieving integration with
the Grasshopper platform. Section 3.1 introduces the 7R1C thermal
model used and its governing equations. Section 3.2 details the calcu-
lation method for dynamic solar radiation and shading. Section 3.3
details the automated mapping logic between parametric geometry and
RC model parameters. Sections 3.4 and 3.5 propose a comprehensive
validation scheme for assessing the method's performance.

3.1. Parametric integration based on the proposed RC model

This study employs a 7R1C model to simulate the dynamic thermal
equilibrium of a single thermal zone as shown in Fig. 2, with parameter
definitions provided in Appendix Table 12. The RC network approach
abstracts building thermal dynamics using electrical circuit analogies
where thermal resistance (R) represents heat transfer paths and thermal
capacitance (C) represents thermal storage, yielding analytically solv-
able linear differential equations that substantially reduce computa-
tional cost compared to finite difference methods (Bruno et al., 2015). In
our previous research focusing on the more theoretical aspects of RC
model configuration and numerical solution, It was shown that the
proposed 7R1C configuration can achieve R? values of 0.94-0.98 across
building types and climate zones, while the 7R2C dual-capacitance
variant provides only 0.5-1.5% NRMSE improvement at increased
calibration complexity (Shen, 2026). For early-stage parametric design
prioritizing rapid iteration, this marginal accuracy gain does not justify
additional model complexity.

The thermal equilibrium of this model is defined by the following
three equation sets. The selection of this particular configuration reflects
a deliberate balance between model fidelity and computational effi-
ciency. A key contribution of this study lies in extending the single zone
RC formulation to enable multi zone whole building energy simulation
within the parametric design environment. Traditional RC model
implementations have predominantly focused on single zone applica-
tions, limiting their utility for realistic building configurations that
comprise multiple interconnected thermal zones with distinct boundary
conditions and internal loads. The model developed here addresses this
limitation through explicit representation of inter zone heat transfer via
the thermal resistance terms connecting adjacent zones. As shown in the
governing equations, the terms representing heat exchange with adja-
cent thermal zones enable the model to capture the thermal coupling
between neighboring spaces, which significantly influences zone level
and whole building energy performance.

The thermal equilibrium of the 7R1C model is defined by three
coupled equation sets that collectively describe the energy balance of
the indoor air, internal surfaces, and thermal mass. The first equation
represents the energy balance of the zone air node as shown in Equation
.
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Fig. 1. Flowchart of the parametric design platform for performance optimization with an integrated RC model.
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In this equation, Quyac and Qg represent the heat gain delivered to the
zone from the HVAC system and the convective heat flux to the indoor
air from internal heat sources including occupants, equipment, and
lighting, respectively. Ty, T,, and Ts denote the temperatures of the air
within the thermal zone, the outdoor air, and internal surfaces, respec-
tively.

The second equation describes the energy balance at the internal
surface node, accounting for heat exchange with the thermal mass,
outdoor environment through windows, adjacent thermal zones, and the
zone air as expressed in Equation (2).

Taz,i - Ts + To - Ts + (thac + Qair)Rv
R Ry +R,

Tm_Ts+To_Ts+

=0
R, Rom + Qine

i

@

In this equation, T, and T,,; represent the thermal mass temperature of
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the building envelope and the temperature of the horizontally adjacent
thermal zone i, respectively. Ris, Rwin, and Ry, ; denote the equivalent
thermal resistance of air, windows, and the partition of horizontally
adjacent thermal zone i, respectively. R, represents the equivalent
thermal resistance for heat exchange between indoor and outdoor air
through infiltration and ventilation. Q,, represents the solar radiation
heat gain absorbed by the exterior surface of the structure and con-
ducted to the interior surface, calculated using the dynamic solar radi-
ation module described in Section 3.2.

The third equation governs the thermal dynamics of the building
envelope mass, incorporating transient heat storage effects through the
capacitance term as shown in Equation (3).

dT,, T
Cn——
dt + L

T, — Ty
1 + Rim Rex Rim

T T
.
Rig Ry Ry ' K

Ts 7Tm

i i
i

The inclusion of summation terms over adjacent zones in Equations (2)
and (3) constitutes the mathematical foundation for multi zone simu-
lation. These terms enable thermal energy to flow between connected
zones based on temperature differentials and the thermal properties of
intervening partitions. When assembled for a complete building
comprising multiple zones, these equations form a coupled system that is
solved simultaneously at each time step, capturing the interdependent
thermal behavior of all zones throughout the simulation period.

The multi zone formulation provides several advantages for whole
building energy assessment in parametric design contexts. First, it en-
ables accurate representation of buildings with diverse programmatic
requirements where different zones operate under distinct schedules,
setpoints, and internal load profiles. Second, it captures the buffering
effects of interior zones that are thermally shielded by perimeter zones,
which significantly influences overall building energy consumption.
Third, it allows designers to explore the energy implications of alter-
native zoning strategies and internal layout configurations, supporting
more comprehensive design optimization than single zone approaches
permit. The RC-driven building energy simulation engine has been
published as a Windows Executable named after RCBIdEng on GitHub
(https://github.com/andersonspy/RCBIdEng/releases/tag/v1.2.0).

3.2. Dynamic solar irradiation and shadowing calculations

In order to precisely quantify the solar heat gain term Q;,;, this study
developed a dynamic solar irradiance calculation model based on the
Perez anisotropic sky model and polygonal clipping method. The total
radiation received by any surface can be expressed as Equation (5). This
model more accurately reflects the irradiance distribution of the sky
dome, outperforming the simplistic isotropic assumption.

le =1I x A (4)
Ix = Ib +Id +Ir (5)

In the question where A represents the area of any surface (m2), [; de-
notes the total irradiance received by any surface (W/m2), I, is the direct
irradiance received, l; is the atmospheric diffuse irradiance received,
and [, is the ground reflected irradiance received.

According to the Perze anisotropic sky model, I, I, and I, can be
expressed as in Equations (6)-(8).

I, = cosO x E, (6)

Expert Systems With Applications 317 (2026) 131969

1 + cos| a .
I; = Ed(l —Fl) (Tﬁ) -I—EdFlE—‘rEdFZSIIIﬁ 7)
1—
I = (Eq +Ebcosez)p%sﬁ (8)

In the equation, where 0 denotes the angle of incidence. 6, represents the
solar zenith angle. E, is direct irradiance. E; is the diffuse irradiance. F;
and F, are empirical coefficients describing the brightness of the sky
dome, and p is the angle between the inclined surface and the ground.

In the calculation of surrounding shadowing for the target building,
the three common methods are polygon clipping, pixel counting and ray
tracing. In this study, considering computational speed and integration

Tyi — T, Ty
+ +Y I S Qo+ Qe ®3)
Ry Riw,i

complexity, the polygon clipping method was adopted to calculate the
shading coefficients for each surface. To further enhance computational
efficiency, the study employed the surface shading method proposed by
Wang et al. (Wang et al., 2023) to improve shadow calculation effi-
ciency. For any geometric surface, the dot product between its normal
vector n;, and the solar ray vector, v(t), is computed hourly. If the dot
product is less than 0, the surface remains permanently shaded and is
skipped in subsequent calculations, with its surface shading rate set to 1,
all other surfaces are assigned to the shading surface set S(t). The spe-
cific expressions can be referenced in Equations 9-10.

v = (— sinosin®,, — cosa,sind,, — cos6;) (©)]
VS € S(t) : (ny-v(t) > 0 S; is sunlit) (10)

In the equation, where a_{s} represents the solar azimuth angle.

By calculating the Boolean union of each shadow surface projection
onto the target surface at hourly intervals, the shading rate for each
surface can be obtained as shown in Equation (11).

Area((Uj%i,SjeS(t)Proj(ij Py v(t)) )msi )
(o) = Area(S))

.St € 5(t) 1)

In the equation where S; denotes the target surface, S; denotes the
shading surface, P; denotes the infinite plane containing the target sur-
face, n;(t) denotes the hourly shading rate of the target surface, and

E ] .

Fig. 3. Envelope Component Classification (A: Roof; B: Exterior Wall; C: Inte-
rior Wall; D: Window; E: Floor Slab).
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Proj(A,P,v) denotes the two-dimensional projection form when solid A
is projected on plane P along vector v, Area(-) denotes the area calcu-
lation function.

The total solar irradiance on each surface can be expressed by
Equation (12):

L) =LA —n®)+L+] (12)

3.3. Integration of RC networks with Grasshopper

To achieve automatic conversion from parametric geometric models
to an RC model, this study designed the following automated workflow:

1. Surface classification and property identification

Based on each surface normal vector and related position, surfaces
are classified into corresponding envelope groups (Fig. 3). User-
predefined building materials and construction properties are auto-
matically assigned to the corresponding surfaces. The preliminary
classification in this study categorizes surfaces as horizontal or vertical
planes based on the z-component of their normal vector (Equation (13).
Subsequently, through bounding box analysis, vertical or horizontal
surfaces not in contact with any other surfaces are defined as exterior
walls, roofs, or interior walls. This method is applicable to orthographic
buildings. For complex geometries containing inclined surfaces or
curved surfaces, future extension may incorporate more sophisticated
geometry recognition algorithms.

Vertical plane n; =0
Si = Top plane n, =1 (13)
Bottom plane n; = —1

2. Thermal zone adjacency determination

By calculating the overlap and collision relationships between geo-
metric surfaces, the method can automatically determine thermal zone
adjacencies. In special cases, surface overlap detection may yield
incomplete overlaps as shown in Fig. 4. This study ensures the accuracy
of adjacency relationships by clipping overlapping surfaces and creating
sub-surfaces. All adjacency information (contact type and area) are
stored in a structured format for calculating corresponding parameters
in the RC model.

The above geometric information, classification results, and adja-
cency relationships are wrapped in a customized data structure and
finally converted into the parameter matrix required by the RC model
solver.

3.4. Case verification

In order to validate the effectiveness of the proposed method in
building performance assessment, this study designed three validation
plans to compare the prediction results of the proposed RC modeling
method, the industry benchmark EnergyPlus simulation results, and the
measured data.

EnergyPlus serves as the reference model for evaluating the proposed
method, following established practice in the RC modeling literature.
While EnergyPlus itself is a model with inherent assumptions, its
extensive validation against ASHRAE Standard 140 test cases and

Fhe ceopped hulding
e mall

Thi: £icpnaind iid i
wkarios wal

The cropped Duddng
EERET0 Al

Fig. 4. Perform surface clipping when adjacent surfaces do not fully overlap.
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widespread adoption as an industry benchmark makes it an appropriate
reference for assessing the accuracy of simplified simulation approaches.
Field measurement validation of the solar radiation module (Section
4.2) and monitored building validation of the RC engine (Shen, 2026)
provide additional grounding in measured data.

3.4.1. Evaluation of base model performance

To evaluate the applicability and accuracy of the RC model under
different climate conditions, one office building prototype and one
residential building prototype from ASHRAE 90.1-2013 were selected
(Fig. 5). The ASHRAE Medium Office prototype comprises 15 thermal
zones (5 per floor x 3 stories) with explicit interzonal thermal coupling,
while the residential prototype contains 5 thermal zones. Simulations
were conducted for five typical climate zones in China (Table 1).

Each thermal zone is governed by Equations (1)-(3) with indepen-
dent setpoint schedules. For the ASHRAE Medium Office prototype, this
yields 15 coupled thermal zones with 15 sets of governing equations
solved simultaneously at each time step. Both RCBIdGH and EnergyPlus
employ ideal loads air systems with identical heating/cooling setpoints
and schedules, isolating the comparison to thermal model accuracy.

Both simulation tools employed consistent configuration parameters
to ensure fair comparison. EnergyPlus simulations used the Conduction
Transfer Function algorithm with 4 timesteps per hour (15-minute in-
tervals), while RCBIdGH employed hourly timesteps with the Crank-
Nicolson implicit solver. Both models used ideal loads air systems with
autosized capacity, 100% efficiency, as well as identical heating set-
points and cooling setpoints. Occupancy schedules, internal heat gains,
and infiltration rates were maintained identical across both platforms.
Weather data for each climate zone were sourced from the China Stan-
dard Weather Database (CSWD) in EPW format. Simulation convergence
tolerance was set to 0.01°C for zone air temperature in both tools.

3.4.2. Solar radiation framework assessment

Field measurements were conducted over a 48-hour period under
predominantly clear-sky conditions with intermittent cloud cover as
shown in Fig. 6. The Apogee MP-100 pyranometer (spectral range
300-1100 nm, calibration uncertainty + 5%) was mounted on a south-
facing exterior wall at the fourth-floor level with approximately 15 m
above ground, positioned flush with the facade surface to measure
incident irradiance on the vertical plane. Data were logged at 5-minute
intervals using a Campbell Scientific CR1000 datalogger. Surrounding
obstructions including adjacent buildings were surveyed using a Leica
total station and incorporated into the simulation geometry. Hourly
weather data such as direct normal irradiance, diffuse horizontal irra-
diance, ambient temperature were obtained from the nearest meteoro-
logical station located 2.3 km from the measurement site.

3.4.3. Parametric application reliability assessment

To evaluate the reliability of this tool in performance-driven design,
this study simulates a typical scenario of parametric optimization. A
sample set of 100 office buildings with various architectural forms was
generated under specific constraints (Table 2) using LHS (Latin hyper-
cube sampling) as shown in Fig. 7. After excluding non-individual
buildings, both this method and EnergyPlus were used to calculate en-
ergy consumption results from the sample set. Reliability evaluation
metrics include Kendall's rank correlation coefficient (Equation (13) and
the consistency rate of the Top five/Bottom five energy consumption
rankings.
= i as

(Np = T) (Np = T)

In the equation, where C, D represent the total number of consistent
pairs and inconsistent pairs, respectively; N, denotes the total number of
pairs that can be formed in the data; T, and T, represent the number of
tied pairs in variables X and Y, respectively, which in this study
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Fig. 5. Building Outline and Zoning Diagram.

Table 1
Thermal design zone code and outdoor meteorological parameters.
City Harbin  Beijing  Shanghai  Shenzhen  Kunming
Thermal design zone 1b 2b 3a 4b 5a
code
Longitude (°) 126.77 116.28 121.43 114 102.65
Latitude (°) 45.75 39.93 31.17 22.53 25
Altitude (m) 143 55 3 63 1887
Mean temperature of -16.9 -29 4.9 16 9.4
the coldest month
)
Mean temperature of 23.8 27.1 28.5 29 20.3
the hottest month
(9]
Heating degree days 5032 2699 1540 223 1103
(’C-d)
Cooling degree days 14 94 199 374 0
(°C-d)

correspond to the ranking order of RCBIdGH and EnergyPlus simulation
results.

3.5. Evolutionary optimization integration

To validate the tool's applicability in parametric optimization sce-
narios, this study integrates RCBIAGH with the Steady-State Island
Evolutionary Algorithm (SSIEA, an enhanced evolutionary algorithm
implemented in the EvoMass building generation framework. SSIEA
improves upon conventional genetic algorithms by (1) dividing a larger
population into smaller sub-populations that evolve independently, (2)
enabling migration of individuals between sub-populations to maintain
diversity, and (3) implementing adaptive mutation rates that decrease as

optimization converges.

The optimization configuration is summarized in Table 3, with the
objective of minimizing annual use Energy Use Intensity (EUI). The
design variables comprised 36 parameters, controlling 6 subtractive
volumes that define the building form through Boolean operations. Each
subtractive volume is defined by 6 parameters: position coordinates (X,
Y, Z) and dimensional extents (length, width, height).

The optimization was executed on the same hardware platform
described in Section 4.1. Each generation's 90 building configurations
were evaluated sequentially to maintain consistent resource allocation.
The base building footprint was defined as 50 m x 50 m with initial
height of 60 m, corresponding to the approximate 50,000 m2 target floor
area specified in Table 2. The six subtractive volumes were initialized
with random positions and dimensions according to the bounds defined
in Section 3.4.3. Population fitness (EUI values) was calculated using
RCBIAGH with Shanghai climate conditions and the standardized
HVAC/schedule parameters. Tournament selection randomly selected 5
individuals per tournament, with the lowest EUI value winning. Elite
retention preserved the top 50% of each subpopulation unchanged to
the next generation. Migration events occurred every 3 generations,
transferring the single best individual from each subpopulation to each
other subpopulation. The adaptive mutation rate decreased linearly
from 35% (generation 1) to 10% (generation 10), applied to design
variables by adding Gaussian noise (¢ = 10% of variable range) and
clamping to bounds.

4. Results and analysis
4.1. Building simulation model and performance validation

All simulations were executed on a workstation with an Intel Core i7-
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Fig. 6. Measurement point placement (a) and building model used for simulation (b).

Table 2
Building types and constraints.

Building Area Column grid Number of Ceiling WWR
types (m?) layout floors height
(m) (m)
Office 50,000 8x8 <=10 5 0.6
Building

12700 processor (12 cores, 2.1 GHz base frequency), 32 GB DDR4 RAM,
and Windows 11 Pro operating system. EnergyPlus simulations utilized
single-threaded execution, while RCBIdGH employed the same single-
threaded configuration for fair comparison. No other computationally
intensive applications were running during timing measurements. Each
simulation was repeated three times, and the average computation time
was recorded to minimize variability from background system pro-
cesses. All runtime measurements were conducted sequentially on the
same machine under consistent conditions. Each timing was averaged
over 3 runs to minimize variability. EnergyPlus used 4 timesteps/hour
while RCBIdGH used hourly timesteps; however, the timestep difference
reflects a fundamental characteristic of the respective methods as
EnergyPlus requires finer temporal resolution for CTF numerical
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stability, while the Crank-Nicolson solver in RCBIdGH remains uncon-
ditionally stable at hourly resolution. The speedup ratio varies with
model complexity: from 5.6 x for single-zone residential to 10.3 x for
15-zone office buildings, indicating that the computational advantage
scales with building complexity.

The simulation results demonstrated that the simplified RC model
proposed in this study can reliably reproduce EnergyPlus hourly load
predictions. Fig. 8 presents scatter plots comparing the predicted values
of both models from the Harbin and Shenzhen scenarios (Cold Climate

Table 3
SSIEA optimization parameters.
Parameter Value Description
Population size 90 3 sub-populations x 30 individuals
Migration rate 5% Per generation between sub-populations
Initial mutation rate 8% Decreasing to 10% as optimization
converges
Selection method Tournament Size = 5, elite retention = 50%
Generations 10 Total iteration cycles
Optimization Minimize EUI  Annual energy use intensity (kWh/m?)
objective
Design variables 36 Building form parameters
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Fig. 7. LHS sampling sample set.



Z. Pan et al.
(LT
i
al -
el e LT - r
Eogm A .-l__.-""- -
%
_ Enjd I _..J
F7 E
s ol
—i3
= MKl
=
= A
x
e, waalags
e Cismal bomiding
Fulsd e
B esdicrien Nasd
il
a jius .'h.r. o] 1] ] L]
EnerpsPlis (kwh)
& bl
[T THF -
ML [ a
g
: 2
5
o
E )
5
=
W
=
s Haw ksding
Loal badeg
vl Ligs

Y% Posdiciian flawd

m e A0

Energy#lus | ki)

Expert Systems With Applications 317 (2026) 131969

e

aL ey
e
Prarind s Wil s
Friamam LR
_ dab
=
=
]
= WD
= . o
= »
o =
-
[
1 * e ksl
L] i Lo hmding
= Finead lis
i 55, Pradkinna P
o 1] ] RiKi KM e o
Enuriy s dhwh]
3 b2 4
[ Pr—— P
i | g LLIS]]
-
E -~
=
= | "l
i i
= g
- 5
P LT

& Weai bt
LUl iraging
Firscd L
A9%s Preaflarion Tland

] ] | E ] Fiy]

Erarrgy Plus rkwh)

Fig. 8. Simulation results of heating and cooling loads for different building types (a. Office buildings, b. Residential buildings) in Harbin (1) and Shenzhen (2).

and Hot Summer and Warm Winter climate), respectively. Data points
cluster closely around the Y = X reference line, visually demonstrating
the strong correlation between the two models.

Fig. 9 compares the hourly heating and cooling load profiles between
EnergyPlus and RCBIdGH for representative summer (July 12th-18th)
and winter (January 12th-18th) periods. The close agreement in both
temporal patterns and absolute values validates the accuracy of the
proposed RC network model.

Quantitative statistical analysis in Table 4 revealed that the R? values
of all test scenarios consistently remained above 0.88, with a mean R? of
0.9227. From a building type perspective, residential buildings exhibit
higher and more stable prediction accuracy with a mean R? of 0.9438,
while office buildings yielded a mean R? of 0.9016 with relatively lower
R? values in the Shenzhen and Kunming climate zones. Research sug-
gests that this difference in accuracy primarily stems from the relatively
stable internal heat sources (occupants, equipment, lighting) and more
predictable operational patterns in residential buildings, whereas in-
ternal heat gains in office buildings exhibit greater randomness and
time-varying characteristics. The simplified internal heat source model
used by the RC model better captures the typical characteristics of res-
idential buildings. However, when applied to the complex operational
conditions of office buildings, the model's simplified assumptions
deviate more significantly from actual conditions.

To address the issue of low simulation accuracy for office buildings in
temperate climates and hot-summer/warm-winter climate zones, this
study conducted an in-depth analysis of simulation error distributions
under these conditions, using EnergyPlus as the baseline. The thermal

load error heatmap in Fig. 10 reveals that errors primarily appear during
two time periods: 6-8 AM and 6-8 PM, precisely corresponding to local
sunrise and sunset times, exhibiting significant spatiotemporal patterns.
Key findings are as follows:

1. Thermal inertia response lag. At sunrise, the building envelope be-
gins absorbing solar radiation. Actual buildings respond gradually to
this thermal disturbance through the thermal inertia effects of their
multi-layer envelope. However, the 7R1C model simplifies multi-
layer thermal mass into a single concentrated heat capacity, failing
to accurately simulate this progressive heat transfer process. This
leads to response deviations during rapid temperature transitions. At
sunset, as solar radiation diminishes and outdoor temperatures drop
rapidly, boundary conditions undergo abrupt changes. When
handling such transient processes, the RC model often lacks suffi-
cient thermal nodes to simulate layer-by-layer heat transfer, result-
ing in transient response errors

2. The cooling load error map similarly exhibits high error values be-
tween 6 PM and 8 PM, with peak errors occurring during the tran-
sitional period between cold and warm climates (February to
March). This further validates the aforementioned assumption.
During climatic transitions, buildings may need to switch between
heating and cooling modes within the same day. Such complex
operating conditions pose greater challenges to simplified models

From a climate zone perspective, Kunming (temperate climate) and
Shenzhen (hot summers, warm winters) typically exhibit smaller indoor-
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Fig. 9. Typical meteorological day by hour load profile (a. summer, b. winter).

Table 4

Simulated comparison of R? values across different climate zones.
Type Harbin Beijing Shanghai Shenzhen Kunming
Office Building 0.9596 0.9458 0.9363 0.8308 0.8359
Residential Building 0.9434 0.9817 0.9847 0.9271 0.8823

outdoor temperature differentials. Consequently, heat transfer through
building envelopes contributes a smaller proportion to total loads, while
random fluctuations in internal heat gains exert a more significant
impact on overall load requirements. Simplified internal heat source
models struggle to accurately capture these dynamic characteristics.
Additionally, current simplified RC models only account for sensible
heat and lack a dedicated humidity module to calculate latent heat
loads. In high-temperature, high-humidity regions, latent heat loads
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contribute significantly to total air conditioning loads. The omission of
the latent factor will also cause prediction errors.

The annual time series data from the Harbin Office Building shown in
Fig. 11 revealed the model's dynamic response characteristics. RCBIdGH
not only successfully replicated the seasonal variation of the loads but
also showed no significant phase difference (lag or lead) between its
prediction curve and the baseline curve, indicating that the model's
dynamic response is fundamentally consistent with EnergyPlus. How-
ever, the analysis also revealed systematic prediction bias. The annual
total heat load predicted by RCBIdGH is 12% higher than EnergyPlus,
while the annual total cooling load is 17% lower. Research suggests this
may stem from the RC model simplifying complex thermal mass in the
building envelope into a single lumped thermal mass (Cy,). This prevents
it from fully simulating the complex thermal mass effects created by
multi-layer material structure in real buildings.

During the heating season, when outdoor temperatures remain low
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Fig. 10. Monthly Thermal Error Maps of Heating and Cooling Loads (1, 2) for Shenzhen and Kunming (a, b).

for extended periods, building envelopes effectively act as thermal
buffers by storing some heat through their distributed thermal mass. A
single centralized thermal mass cannot accurately simulate this
distributed thermal storage effect, leading the model to underestimate
the envelope's heat storage capacity and consequently overestimate
heating demand. Conversely, during the cooling season, building en-
velopes absorb and store significant amounts of heat, releasing it at night
to create additional cooling loads. The simplified thermal mass repre-
sentation in RC models struggles to accurately capture this diurnal
accumulation and release of heat, leading to underestimated cooling
loads. Mathematically, EnergyPlus employs the Conductive Transfer
Function (CTF) method to precisely handle heat transfer within multi-
layer walls. In contrast, the centralized parameter approach of RC net-
works exhibits response characteristics that fall short of the CTF method
when confronting long-period seasonal temperature fluctuations.

Meanwhile, the simplified model brings RCBIAGH a significant
computational efficiency advantage. For complex office buildings,
RCBIAGH calculation time is only 9.7% of EnergyPlus (3.2 s versus 33.0
s), achieving a 10.3-fold speedup. For relatively simple residential
buildings, computation time decreased from 5.0 s to 0.89 s, achieving a
5.6-fold efficiency improvement. Analysis also indicates that the
magnitude of efficiency gain correlates positively with the complexity of
the building model (number of nodes and surfaces).

4.2. Validation of solar irradiance modeling
To independently evaluate the accuracy of the solar irradiance

calculation module in this study, the research systematically compared
RCBIdGH predictions with field measurements, the industry benchmark
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EnergyPlus, and the traditional simplified 8-direction method. The time
series curves in Fig. 12 and scatter plots in Fig. 13 visually demonstrate
the accuracy performance of each method. The 8-direction method
exhibited significant deviations from measured data, consistently over-
estimating solar irradiance throughout most of the day. This systematic
bias stems from the method's overly simplified assumptions about the
sky's radiation distribution. It divides the sky dome into eight fixed di-
rections and assumes uniform radiation intensity in each direction,
ignoring the anisotropic nature of the actual sky, where the region
around the Sun exhibits significantly higher brightness than other areas.
In contrast, both RCBIdGH and EnergyPlus predictions align well with
measured data in both dynamic changes and absolute values, with
scatter plot data points generally clustering around the Y = X reference
line. This result validates the effectiveness of the solar radiation calcu-
lation method based on the Perez anisotropic sky model as indicated by
the overall squared error comparison among the three methods shown in
Fig. 14.

For quantitative validation and statistical testing of this observation,
a one-way repeated measures ANOVA was conducted (Table 5). The
results confirm a statistically significant difference in the distribution of
prediction errors among the three methods (F (2, N-1) = 17.54, p <
0.0001). Post-hoc paired t-tests further revealed the source of this dif-
ference. The prediction accuracy of both the RCBIdGH algorithm (R? =
0.816) and EnergyPlus (R? = 0.798) was significantly higher than the 8-
direction method (R? = 0.656), with corresponding p-values for both
comparisons less than 0.005. At the same time, the accuracy difference
between RCBIAGH and EnergyPlus was not statistically significant (p >
0.05).



Z. Pan et al.

ol L AR

Expert Systems With Applications 317 (2026) 131969

TRiCEEH
s £ L] RRAEECN LS

e

LT

BLUMGH ek

=

SE -"—'-.-.—n-ﬂ:h_—--r-ﬂr;ﬁ:'—lﬁn"r "'u""""ﬁl-'ﬁ-

] L] ] LB

Twsz thi

T
u il 15 1) L= e 1] Jisi £ L=}
FC TS
I merps Pl
4w of BETIRRAL

Inuhh,—.h.ﬂ—wﬂ it o ey

LTl frl®l TR T LI

Fig. 11. Annual load time series data in Harbin: heating load (a), cooling load (b).

Therefore, the solar irradiance module employed in this study, based
on the Perez anisotropic sky algorithm and polygon clipping algorithm,
achieved computational accuracy comparable to EnergyPlus and
significantly outperformed the simplified 8-direction method. This
demonstrates its validity and reliability as a solar heat gain calculation
engine for RC models.

4.3. Parametric modeling applications and validation

For validating the practical application and reliability of this method
in real design scenarios, specifically during early parametric design
exploration, the study compared the energy use intensity (EUI) predic-
tion results from RCBIAGH and EnergyPlus for a design collection
comprising 42 various building form schemes. As shown in Fig. 15a,
RCBIdGH and EnergyPlus exhibit extremely high correlation in their EUI
predictions for the 42 building schemes, with a Spearman correlation
coefficient of p = 0.9597. Although RCBIdGH’s EUI predictions are
systematically higher than EnergyPlus's, this deviation approaches a
fixed offset value. This characteristic holds significant importance for
parametric design applications: designers focus on the relative perfor-
mance advantages and disadvantages among different schemes rather
than absolute energy consumption values. Therefore, a fixed offset will
not affect the relative performance ranking of the schemes. The Kendall
correlation ranking coefficient reaches 0.8513, confirming that the
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energy consumption rankings derived from both methods are highly
consistent (Fig. 15b).

Moreover, bootstrap resampling (10,000 iterations) yields 95%
confidence intervals of [0.76, 0.92] for Kendall t and [0.89, 0.98] for
Spearman p, confirming robust rank consistency. Power analysis con-
firms that the current sample (n = 42) provides statistical power
exceeding 0.999 for detecting the observed correlation magnitude.

To more intuitively evaluate the value of this method in aiding
design decisions, the study focused on identifying the top five and bot-
tom five energy consumption scenarios (Table 6). Among the five
optimal solutions identified by EnergyPlus, RCBIdGH correctly identi-
fied four. Solutions 6, 30, and 34 ranked in the top three for both
methods with identical orderings. Solution 2 ranked 4th in RCBIdGH
and 5th in EnergyPlus. The sole discrepancy occurred between Solution
24 (EnergyPlus) and Solution 29 (RCBIdGH).

Among the five worst-performing solutions, RCBIAGH correctly
identified four. Solutions 41, 25, 3, and 9 were both recognized as high-
energy-consumption solutions by both methods. The sole discrepancy
was the position swap between Solution 38 (ranked 40th by EnergyPlus)
and Solution 40 (ranked 38th by RCBIdGH). Combining the top five and
bottom five identification results, this method achieves an 80% identi-
fication rate within the critical design range. This outcome fully dem-
onstrates the effectiveness of this method as a rapid screening tool
during the early design phase.
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Table 6 reveals a clear correlation between building shape co- Bottom five schemes range from 0.123 to 0.131. Buildings with smaller
efficients and energy consumption performance. The shape coefficients shape coefficients (compact forms) exhibit lower energy consumption in

for the Top five schemes range from 0.076 to 0.096, while those for the both methodologies, while those with larger shape coefficients
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stable for the subsequent 111 evaluations as shown in Fig. 16 for
Tab_le _5 . . . Shanghai case, demonstrating effective exploration of the design space
Statistical analysis results of different methods and experimental data. s . .
within the allocated computational budget. The three subpopulations
Analytical Methods 8-direction RCBIdGH EnergyPlus maintained distinct search trajectories during the early generations,
R? 0.6561 0.8156 0.7975 with periodic migration events facilitating knowledge transfer between
ANOVA F = 17.54032p < 0.0001 islands. This island-based approach proved effective in preventing pre-

(sprawling forms) consistently exhibit higher energy consumption.

In terms of computational efficiency, simulating all 42 schemes took
RCBIdGH 6 min, whereas RCBIdGH required 35 min. This method's
simulation time amounted to just 17.1% of the latter's duration. Within
the same 35-minute timeframe, EnergyPlus can evaluate only 42 sce-
narios, whereas RCBIdGH can theoretically assess approximately 245
scenarios, expanding the design exploration space by nearly 6-fold.
Meanwhile, the average computation time per scenario is approxi-
mately 8.6 s (6 min for 42 scenarios). This speed enables designers to
receive near-real-time energy consumption feedback after adjusting
parameters, supporting an interactive, performance-driven design pro-
cess. A 5- to 10-fold increase in efficiency will also make swarm-based
optimization algorithms (such as genetic algorithms and particle
swarm optimization) feasible in early design stages, which typically
require evaluating hundreds to thousands of candidate solutions.

4.4. Evolutionary optimization results

Integration with the SSIEA evolutionary algorithm demonstrates
RCBIAGH's capability for supporting automated optimization work-
flows. The completed optimization process, comprising 330 energy
simulations across three subpopulations over ten generations, was
completed in approximately 48 min on standard computing hardware
(Intel Core i7-12700, 32 GB RAM). This computational time would
translate to approximately 4-5 h using EnergyPlus as the simulation
engine, based on the efficiency ratios established in Section 4.1,
rendering such optimization impractical within typical design iteration
cycles.

4.4.1. Convergence analysis

The optimization exhibited characteristic evolutionary algorithm
behavior, with rapid initial improvement followed by gradual refine-
ment. The global optimum emerged at evaluation #219 and remained

14

mature convergence while maintaining solution diversity. The standard
deviation of EUI values within the surviving population decreased from
7.69 kWh/m? (initial population) to 1.16 kWh/m? by the final popula-
tion, indicating progressive convergence toward optimal regions of the
design space. Analysis of the adaptive mutation rate mechanism
revealed that the initial mutation rate of 35% facilitated broad design
space exploration during early generations, while the gradual reduction
to 10% in later generations enabled fine-tuning of promising solutions.
The tournament selection mechanism with elite retention ensured
preservation of high-performing individuals across generations while
maintaining selective pressure for improvement.

4.4.2. Climate-specific optimization outcomes

Table 7 summarizes the optimization results across three represen-
tative climate zones, revealing both universal principles and climate-
specific adaptations in optimal building form.

The optimized building forms consistently exhibit compact geome-
tries with low shape coefficients (0.075-0.082), validating the physical
expectation that reduced surface-to-volume ratios minimize envelope
heat transfer. However, subtle climate-specific variations emerged in the
optimization results:

In Beijing (Cold climate), the optimization prioritized slightly taller
building proportions (H = 62 m) with reduced footprint area, resulting
in minimized roof exposure to cold winter conditions. The optimal shape
coefficient of 0.082 represents a 32% reduction compared to the popu-
lation mean (0.121), translating to substantially reduced heating loads.
The optimization achieved a 9.8% reduction in EUL

In Shanghai (Hot Summer Cold Winter), the balanced heating and
cooling demands resulted in optimization toward intermediate
compactness. The algorithm identified solutions that effectively balance
winter heat retention with summer heat rejection. The resulting 11.4%
EUI reduction demonstrates the method's ability to navigate trade-offs
between competing seasonal requirements.

In Shenzhen (Hot Summer Warm Winter), where cooling loads
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dominate throughout the year, the optimization converged toward the
most compact form (shape coefficient = 0.075) with the largest footprint
area. This configuration minimizes solar heat gains through vertical
envelope surfaces while facilitating roof-based shading strategies. The
10.4% reduction in EUI confirms the algorithm's effective response to
climate-specific energy signatures.

4.4.3. Design variable evolution analysis

Analysis of the 36 design variables controlling the six subtractive
volumes revealed distinct patterns in parameter convergence. The po-
sition parameters exhibited higher variability throughout the optimi-
zation, indicating multiple viable configurations achieving similar
energy performance. In contrast, the height parameters showed earlier
and stronger convergence, suggesting that vertical building proportions
exert stronger influence on energy performance than horizontal con-
figurations in the tested scenarios.

The Boolean operations defining building form through subtractive
volumes demonstrated a clear trend toward minimizing envelope
articulation. In the optimal solutions, 4 of 6 subtractive volumes
converged to minimal dimensions, effectively creating compact rectan-
gular forms with limited geometric complexity. The remaining two
subtractive volumes in most optimized designs created modest court-
yard or setback features that balanced daylighting requirements with
envelope area minimization.

4.4.4. Validation of optimization results
To validate optimization reliability, we re-evaluated 30 solutions
from the final population using EnergyPlus: the top 20 results plus 10
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randomly sampled from ranks 30-70. Top-20 validation shown in
Table 8 demonstrates strong ranking agreement between RCBIdGH and
EnergyPlus. All solutions identified by RCBIdGH as top-5 performers
were confirmed by EnergyPlus to be within the top 5, though ranks 3 and
4 swapped positions. Multiple ranking pairs showed minor position
swaps, including ranks 3 < 4, 7 & 9, 12 « 13, and 15 < 17, with
RCBIAGH rank 20 corresponding to EnergyPlus rank 21. Despite these
minor shifts, all 20 solutions identified by RCBIdGH as top performers
were confirmed by EnergyPlus to be within the top 21 of the 90-member
population, demonstrating that RCBIdGH reliably identifies the highest-
performing solutions even when exact rank positions differ slightly.

In addition, stratified sampling across mid-range and lower per-
formers shown in Table 9 confirmed consistent ranking. All 10 solutions
maintained relative ordering within + 2 ranks, demonstrating robust
ranking reliability even in regions where absolute performance differ-
ences are smaller. The largest shifts occurred at ranks 55 and 70 (both
—2 positions in the table, though Table 9 shows ranks 41 and 70 with —1
and —2 shifts respectively), but these represent minimal performance
differentiation as adjacent solutions differed by less than 2 kWh/m? in
both methods. No ranking discrepancies exceeded 2 positions, indi-
cating strong agreement throughout the performance distribution. Sta-
tistical analysis across the combined 30-solution validation set yields
Kendall T = 0.89 (p < 0.001, 95% CI [0.81, 0.94]) and Spearman p =
0.95 (p < 0.001), consistent with the parametric validation in Section
4.3 (t = 0.85) but now demonstrated directly on optimization outcomes.
Notably, the mid-range validation subset alone achieves T = 0.91,
indicating that ranking reliability actually improves in regions where
the optimization has converged solutions toward similar performance
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Table 6
EUI Performance.
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TOP five designs (a)

EnergyPlus RCBIdGH

Rank NO. Building NO. Building shape Shape factor Building NO. Building shape Shape factor
1 6 0.076 6 0.076
2 30 0.087 30 0.087
3 34 0.084 34 0.084
4 24* 0.096 2 0.087
5 2 0.087 29% 0.086
Bottom five designs(b)

38 9 0.126 40* 0.123
39 3 0.125 25 0.131
40 38* 0.124 9 0.126
41 25 0.131 3 0.125
42 41 0.131 41 0.131

Note:* means difference exists between the two methods.

levels. The systematic positive bias observed in Section 4.1 remains
consistent across optimization results, confirming this offset does not
distort relative performance rankings. These results demonstrate that
RCBIdGH reliably identifies optimal building configurations and main-
tains consistent ranking throughout the performance spectrum.

4.4.5. Computational efficiency in optimization context

The practical significance of RCBIdGH's computational efficiency
becomes particularly evident in optimization scenarios. Table 10 com-
pares the total optimization time using different simulation engines,
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demonstrating that RCBIAGH enables optimization workflows that
would otherwise be computationally prohibitive.

The results demonstrate that RCBIAGH enables comprehensive
building form optimization within practical time constraints that align
with design iteration cycles. The consistent identification of compact
building forms across climate zones, combined with validation against
EnergyPlus results, confirms the tool's reliability for performance-driven
design exploration. Furthermore, the approximately 90% reduction in
computation time opens possibilities for more sophisticated optimiza-
tion approaches, including multi-objective optimization with larger
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Fig. 16. Algorithm Convergence Curve.
Table 7 Table 9
Evolutionary optimization results across climate zones. Stratified sampling validation across performance distribution.
Climate Shape Optimal Aspect EUI Reduction RCBIdGH EnergyPlus RCBIdGH EUI EnergyPlus EUL Rank
Zone Coefficient Dimensions (L Ratio (kWh/ vs. Mean Rank Rank (kWh/m?) (kWh/m?) Shift
x W x H) m?)
32 34 68.45 63.12 2
Shanghai 0.078 72m x 60 m 1.20 56.06 11.4% 38 39 70.23 64.89 1
(HSCW) x 60 m 41 40* 71.12 64.23 -1
Beijing 0.082 68 m x 58 m 1.17 62.34 9.8% 47 45 73.56 67.34 -2
(Cold) X 62 m 52 54 75.34 69.12 2
Shenzhen 0.075 75m x 62 m 1.21 48.92 10.2% 55 53* 76.12 68.45 -2
(HSWW) x 58 m 61 62 78.89 72.34 1
- - 64 66 79.45 73.12 2
Note: HSCW = Hot Summer Cold Winter; HSWW = Hot Summer Warm Winter. 68 69 81.23 74.89 1
Mean EUI calculated from the initial Latin Hypercube Sampling population of 90 70 68* 81.89 74.56 2
configurations per climate zone. Load reductions are relative to population mean
values.
Table 10

Table 8
Validation of top-20 optimization results against EnergyPlus.
RCBIdGH EnergyPlus RCBIdGH EnergyPlus Difference
Rank Rank EUI (kWh/ EUI (kWh/ mz) (%)
m?)

1 1 56.06 51.23 9.43%
2 2 57.12 52.18 9.47%
3 4% 57.89 53.42 8.37%
4 3* 58.21 53.01 9.81%
5 5 58.67 54.12 8.41%
6 6 58.89 54.65 7.76%
7 9% 59.03 54.89 7.54%
8 8 59.18 54.67 8.25%
9 7% 59.34 54.45 8.98%
10 10 59.56 55.21 7.88%
11 11 59.89 55.67 7.58%
12 13* 60.12 56.02 7.32%
13 12* 60.23 55.89 7.77%
14 14 60.45 56.34 7.29%
15 17* 60.86 56.89 6.98%
16 16 60.89 56.78 7.24%
17 15% 61.02 56.67 7.68%
18 18 61.34 57.23 7.18%
19 19 61.56 57.45 7.15%
20 21 61.98 57.89 7.07%

Note: Asterisks indicate rank discrepancy between methods.

population sizes or increased generation counts.
5. Discussions
This study developed a dynamic solar radiation calculation module

with accuracy comparable to EnergyPlus by performing explicit geo-
metric calculations of key physical processes. This module was coupled
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Computational requirements for evolutionary optimization.

Simulation Engine Time per Total Optimization Time (330
Simulation sims)
RCBIdGH 8.7s 48 min
EnergyPlus 52s 4.8h
Honeybee/ 59s 5.4h
EnergyPlus

with a simplified thermodynamic RC network model to achieve an
enhanced RC network simulation method that balances computational
efficiency with predictive reliability. The three stage validation process
systematically confirmed the method's effectiveness across multiple
performance dimensions.

5.1. Contribution in RC modeling

In our precedent study (Shen, 2026), the same prototype buildings
were tested with the 7R2C dual-capacitance model, achieving R? values
up to 98.78% for office building cooling load prediction with controlled
biases relative to EnergyPlus, particularly during transitional seasons.
The computational overhead of the 7R2C model is marginal (approxi-
mately 4-5% longer than 7R1C). Nevertheless, the 7R1C configuration
was selected for RCBIAGH as it provides a well-established trade-off
between prediction fidelity and computational simplicity for parametric
design applications, avoiding the additional calibration complexity of
the dual-capacitance formulation.

Section 4.2 validation demonstrates that the enhanced solar radia-
tion module achieved accuracy statistically equivalent to EnergyPlus
(R? = 0.816 vs. 0.798, p > 0.05) while substantially outperforming
traditional simplified approaches (8-direction method R% = 0.656),
confirming its effectiveness as a computationally efficient heat gain
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calculation engine for RC models. The accuracy of solar heat gain
calculation is fundamental to overall model performance, as solar ra-
diation constitutes a major component of building thermal loads,
particularly for buildings with significant glazing areas or complex
facade geometries. Traditional RC model implementations have relied
on constant solar heat gain coefficients, direction-based allocation fac-
tors, or regression-based correction terms, all of which introduce sys-
tematic errors when applied to buildings with varying orientations or
dynamic shading conditions. The approach presented in this study ad-
dresses these limitations by computing solar radiation intensity and
shading effects on each surface in real time based on hourly solar po-
sition and building geometry.

The systematic biases observed in Section 4.1, where heating loads
were overestimated by approximately 12% and cooling loads under-
estimated by approximately 17%, confirm the inherent characteristics of
single capacitance RC models in representing thermal storage processes.
These findings align with established understanding in the literature
regarding the limitations of lumped parameter approaches when simu-
lating distributed thermal mass effects in multi-layer building envelopes.
Nevertheless, the overall prediction accuracy with a mean R? of 0.9227
across all test scenarios demonstrates that the enhanced model achieves
sufficient fidelity for early-stage design applications. Detailed bias
analysis is attached in Appendix Table 13 The positive MBE for heating,
negative MBE for cooling, is consistent across all climates and attribut-
able to the single-capacitance lumped thermal mass representation, as
discussed in Section 4.1. This bias does not affect the relative ranking of
design alternatives (Section 4.3, Kendall T = 0.85) because it manifests
as a near-constant offset. The elevated CVRMSE for Shenzhen and
Kunming heating reflects the very small absolute heating loads in these
warm climates (Shenzhen: 12,892 kWh annual EP (EnergyPlus) heating
vs. 470,756 kWh in Harbin), where small absolute errors produce large
relative metrics.

5.2. Integration with parametric design workflows

The primary contribution of this work lies in embedding RC based
performance analysis directly into the Grasshopper parametric design
environment, thereby enabling architects to obtain reliable energy
feedback during design exploration without leaving their primary
modeling platform. The automated workflow for surface classification,
thermal zone adjacency detection, and parameter mapping eliminates
the complex data conversion processes that have historically hindered
the adoption of building performance simulation in architectural
practice.

Parametric validation (Section 4.3) confirmed reliable ranking con-
sistency (Kendall T = 0.8513) despite systematic bias, demonstrating
that the model appropriately prioritizes relative performance differen-
tiation over absolute accuracy. This is the critical requirement for design
exploration applications where identifying superior alternatives matters

Table 11
Comparison of RCBIAGH and Honeybee/EnergyPlus workflows.

Criterion RCBIdGH Honeybee/EnergyPlus

Simulation engine 7R1C + Perez solar EnergyPlus (CTF, detailed

module fenestration)
Hourly load accuracy 0.92 (mean) Reference (1.00)
(R? vs. EnergyPlus)
Computation time 8.7s 59s

(office)

Modeling input Automatic from Requires zone assignment,

Grasshopper material specification, schedule
geometry definition
External software None (self-contained EnergyPlus installation required
dependency engine)
Applicable design Early-stage Detailed design and compliance
stage parametric
exploration
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more than precise energy quantification. The comparison of computa-
tional efficiency gains between the RCBIdGH and Honeybee/EnergyPlus
workflows are shown in Table 11. For complex office buildings,
RCBIAGH calculation time was reduced to 9.7% of EnergyPlus re-
quirements, achieving a tenfold speedup. For simpler residential build-
ings, computation time decreased from 5.0 s to 0.89 s, representing a
fivefold efficiency improvement. These efficiency gains scale positively
with model complexity, suggesting even greater advantages for larger or
more geometrically intricate buildings.

5.3. Enabling evolutionary optimization in early design

The integration with the SSIEA evolutionary algorithm demonstrates
that RCBIdGH enables optimization workflows that would otherwise be
computationally prohibitive during early design stages. The completed
optimization process comprising 330 energy simulations across ten
generations was accomplished in approximately 48 min on standard
computing hardware. Using EnergyPlus as the simulation engine, this
same optimization would require approximately four to five hours,
rendering such comprehensive design space exploration impractical
within typical design iteration cycles.

The optimization results across three climate zones consistently
identified compact building forms with low shape coefficients as energy
optimal configurations, validating the physical expectation that reduced
surface to volume ratios minimize envelope heat transfer. The climate
specific variations in optimal building proportions further demonstrate
the method's sensitivity to local conditions and its ability to guide de-
signers toward contextually appropriate solutions.

The approximately sixfold reduction in computation time opens
possibilities for more sophisticated optimization approaches, including
multi objective optimization with larger population sizes, increased
generation counts, or the simultaneous consideration of additional
performance criteria such as daylighting, thermal comfort, and con-
struction cost. This capability addresses a fundamental gap in current
practice, where the computational demands of high-fidelity simulation
have effectively precluded systematic design space exploration during
the critical early stages when design decisions have the greatest impact
on building performance.

5.4. Limitations and future research directions

Despite the positive outcomes of this study, several limitations
constrain the practical applicability of the proposed method in certain
contexts, and addressing these limitations suggests productive directions
for future research.

The model exhibits relatively lower prediction accuracy in temperate
and humid climate zones, as evidenced by the reduced R? values
observed for office buildings in Kunming and Shenzhen. This limitation
stems primarily from two technical factors. First, the current 7R1C
model is a pure sensible heat model that does not incorporate a humidity
module for calculating latent heat loads. In regions with high temper-
ature and humidity, latent heat loads contribute significantly to total air
conditioning demands, and neglecting this component introduces pre-
diction errors. Second, under climatic conditions with smaller indoor
outdoor temperature differentials, random fluctuations in internal heat
gains from occupants and equipment exert more pronounced influence
on total loads. The simplified internal heat gain model employed in this
approach may fail to capture the full dynamic characteristics of these
sources. To address this limitation, future work will focus on incorpo-
rating a humidity module for latent heat load calculation, which would
substantially improve prediction accuracy in humid climates and extend
the applicability of the method to a broader range of geographic con-
texts and building types.

The solar radiation verification presented in this study, while
demonstrating effectiveness in handling self-shading, was somewhat
limited to dispersed building configurations. The validation did not
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evaluate performance in highly complex urban environments where
long duration shading and multiple reflections from adjacent structures
significantly affect facade heat gains. These inter building effects
represent critical physical phenomena in high density built environ-
ments. Future studies will therefore explore extending the rapid simu-
lation method to urban scale applications by coupling it with
computational fluid dynamics or Urban Building Energy Models to
enable district level performance assessment that accounts for complex
inter building interactions.

The current framework cannot directly handle complex facade sys-
tems such as dynamic shading devices, perforated panels, or double skin
curtain walls. Additionally, the polygon clipping algorithm employed
for shadow calculation exhibits computational complexity approxi-
mately proportional to the square of the number of polygons in the
scene. When applied to large buildings or those incorporating intricate
shading structures, computation time increases substantially, poten-
tially negating the efficiency gains achieved through the simplified RC
model. To overcome this bottleneck, future research will focus on
developing a hybrid shadow computation engine that combines polygon
clipping techniques for large simple shading objects with GPU acceler-
ated ray tracing for complex shading elements. A decision mechanism
would dynamically select the optimal algorithm based on geometric
characteristics, achieving globally optimal computational efficiency
across diverse building configurations.

Finally, the development of adaptive fidelity models represents a
promising direction for balancing accuracy and efficiency across diverse
application contexts. Future research will explore RC models capable of
dynamically adjusting computational complexity based on physics
informed heuristics such as climate type, building function, or observed
simulation errors. Such adaptive approaches could automatically switch
between lower order configurations for rapid screening and higher order
configurations for refined analysis, optimizing computational resource
allocation throughout the design process.

6. Conclusion

This study developed and validated a grey-box simulation method
that couples enhanced solar radiation modeling with RC thermal net-
works within a parametric design environment. The principal scientific
insight is that the coupling of physics-based solar radiation (Perez sky
model with polygon clipping) with simplified thermal dynamics (7R1C)
achieves a favorable accuracy—efficiency trade-off for early-stage design:

Expert Systems With Applications 317 (2026) 131969

strong rank correlation with detailed simulation tools (Kendall T = 0.85)
despite systematic absolute bias from lumped thermal mass represen-
tation. The method's applicability is bounded by the limitations identi-
fied in Section 5.4, which includes reduced accuracy in humid climates
due to the lack of latent heat modeling, case-based solar irradiance
validation, and exclusion of complex facade systems. Source code and
examplary models are available at the GitHub repository listed in Code
Availability.

This research attempted to reduce the barriers to performance-driven
design exploration by embedding RC-based building performance
analysis into a parametric design workflow, providing architects and
researchers with a practical tool for rapid, reliable performance evalu-
ation during the early design stage. This work provides a foundation for
integrating additional performance criteria, including HVAC system
modeling, comfort evaluation, and lifecycle assessment, into parametric
design workflows in future research.
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Appendix A
Table A12
Complete 7R1C model parameter definitions.
Symbol Physical meaning Formula Unit
Rex External envelope conductive resistance 1 m?K/W
Z (Ui'Ai>opaque
Ryin Glazing thermal resistance 1 m2K/W
3= (UirAd)window
R, Ventilation and infiltration resistance 1 m2K/W
Pair-CpACH-Vyon0 /3600
Riq Air-to-interior surface convective resistance 1 m2K/W
hin-A¢
Rim Surface-to-thermal mass conductive resistance 1 m?K/W
him-Am
R Interzonal wall resistance (to zone i) 1 m2K/W
Usw-Aiw i
Ry; Interzonal floor/ceiling resistance (to zone i) 1 m?K/W
Uys-Ayf;
Cn Envelope thermal mass capacitance Z(/’i‘cp.i'di‘Ai) J/(m?K)
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Table A13

Bias analysis of hourly load predictions (office building, active hours only).
City Load MBE (%) CVRMSE (%) R?
Harbin Cooling —-30.0 44.6 0.963
Harbin Heating +12.1 26.9 0.964
Beijing Cooling —18.5 31.1 0.977
Beijing Heating +24.6 51.3 0.943
Shanghai Cooling -16.7 28.9 0.982
Shanghai Heating +29.2 67.8 0.934
Shenzhen Cooling —6.2 21.4 0.977
Shenzhen Heating +20.4 231.8 0.828
Kunming Cooling -33.2 52.3 0.923
Kunming Heating +99.9 249.5 0.833

Note: MBE = (£(RC — EP)/X EP) x 100%. CVRMSE = RMSE/mean(EP) x 100%. Computed on hours where either RC or

EP load is non-zero.

Data availability

Data will be made available on request.
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