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Abstract

In the context of global carbon reduction, university teaching buildings, as typical densely
populated public spaces, face the dual challenges of high operational carbon emissions and
strict daylighting demands. This study therefore focuses on jointly improving daylighting
performance and reducing operational carbon emissions. However, current optimization
practices are largely constrained by a “homogeneous” design paradigm applied to spatial
layouts and building envelopes, which fails to fully exploit the passive energy-saving poten-
tial of buildings. To address this limitation, this study proposes a daylighting-carbon emis-
sion synergistic optimization framework integrating parametric modeling, Non-dominated
Sorting Genetic Algorithm II (NSGA-II) multi-objective optimization, Stacking ensemble
prediction models, and Shapley Additive Explanations (SHAP) analysis. The results in-
dicate that: (1) compared to the homogeneous baseline model, the comprehensive Pareto
optimal solution reduces the operational carbon emission intensity (CEI) by 12.5%, while si-
multaneously increasing spatial daylight autonomy (sDA) and useful daylight illuminance
(UDI) by 14.1% and 18.9%, respectively; (2) the Pareto optimal solutions exhibit distinct
heterogeneous distribution characteristics in spatial morphology and facade configuration.
Specifically, the floor plan adopts an asymmetrical layout characterized by “deep south
(9.0-9.5 m) and shallow north (6.5-7.0 m)” zones, while the facade window-to-wall ratio
(WWR) displays a vertical gradient of “larger upper and smaller lower” openings (with
a high-to-low zone WWR ratio of 1.07-1.25); (3) the two developed Stacking prediction
models achieve R? values greater than 0.90, substantially reducing the computational cost
of dynamic simulations while ensuring high predictive accuracy; (4) SHAP analysis quan-
tifies the contributions of 24 design parameters and 12 spatial heterogeneity indicators
(HIs) to model predictions of daylighting and carbon performance. In conclusion, this
study proposes heterogeneous design strategies, providing a scientific reference for the
synergistic optimization of daylighting and carbon emissions in teaching buildings located
in cold climates.

Keywords: teaching building; heterogeneous design; daylighting and thermal performance;
multi-objective optimization; SHAP Analysis
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1. Introduction
1.1. Background

Amidst the escalating severity of global climate change, the green and low-carbon
transition of the building sector has become pivotal for achieving global greenhouse gas
emission reduction targets [1]. This urgency is particularly pronounced for public buildings,
driven by China’s proactive “dual-carbon” strategy (carbon peaking and carbon neutrality),
which accelerates the demand for energy conservation and carbon mitigation [2-4]. Among
various public facilities, teaching buildings—characterized by high occupancy density
and prolonged daily usage—account for a substantial proportion of operational carbon
emissions [5]. Simultaneously, the quality of the indoor physical environment in these
educational spaces is directly linked to the visual health, cognitive performance, and
learning efficiency of students and teachers, thereby necessitating stringent requirements
for high-quality daylighting [6]. Consequently, this study investigates how daylighting
quality and operational carbon emissions can be jointly considered in the performance
optimization of teaching buildings.

Particularly in cold climates, achieving this synergistic objective is confronted by
a rigorous “daylight-thermal tradeoff” [7]. On one hand, introducing abundant, high-
quality daylight can significantly enhance the psychological comfort of occupants [8]. On
the other hand, the pursuit of higher spatial daylight autonomy (sDA) and useful day-
light illuminance (UDI) often compels designers to expand the transparent boundaries of
building facades (e.g., by increasing the window-to-wall ratio) [9]. During the protracted
winters typical of cold regions, expansive glazed windows inevitably compromise the
overall thermal resistance of the building envelope, resulting in a surge of conductive
heat loss. Conversely, during summer, these highly transparent boundaries invite ex-
cessive solar heat gains. The massive heating and cooling loads required to offset these
adverse thermal transfers ultimately translate into a soaring annual operational carbon
emission intensity (CEI) [10]. Identifying the optimal equilibrium within these intricate
physical boundaries—ensuring high-quality daylighting while minimizing operational
carbon emissions—remains a pressing technical challenge.

However, conventional teaching building designs are predominantly constrained
by standardized construction paradigms. They rely heavily on “homogeneous” spatial
morphologies and envelope configurations, such as perfectly symmetrical north-south
room depths, uniform window-to-wall ratios, and monolithic glass materials across all
facades [11]. This homogeneous strategy fails to adequately respond to the variations in
solar radiation and thermal conditions across different orientations and vertical heights,
thereby severely limiting the potential for passive energy savings. In contrast, a “het-
erogeneous” design strategy—characterized by the differentiated configuration of spatial
scales (e.g., room depth and width) and facade parameters (e.g., window-to-wall ratio
and glass type) across horizontal and vertical dimensions—has been proven to balance
illuminance distribution and regulate thermal loads more effectively [12]. In this study,
the horizontal dimension refers to differences between north- and south-facing spaces,
while the vertical dimension refers to differences between floors or height zones. Therefore,
an in-depth exploration of the mechanisms by which heterogeneous design drives the
synergistic enhancement of daylighting and carbon reduction holds significant theoretical
importance and practical engineering value [13].

1.2. Related Work
1.2.1. Research on Daylighting and Thermal Performance of Teaching Buildings

Teaching buildings, as typical spaces characterized by high-intensity visual tasks
and high occupancy density, have drawn significant academic attention in recent years
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regarding their indoor physical environmental quality and operational carbon emission
control [14]. Relevant studies primarily unfold across two dimensions: the improvement of
single physical environments and multi-objective synergistic optimization.

In the dimension of luminous environment optimization, numerous studies have
been dedicated to maximizing the effective utilization of indoor daylighting through
foundational parametric design. Xu et al. [15] developed a multi-objective classroom
design method considering energy demand, thermal comfort, and daylighting, while
Samiou et al. [16] examined daylighting and artificial lighting criteria for visual comfort in
preschool classrooms. Zhu et al. [17] investigated kindergarten daylighting optimization
across different light climate zones, and Chiou et al. [18] examined visual comfort in
university classrooms. Furthermore, Chen et al. [9] combined NSGA-II and machine
learning to optimize teaching building atriums, reporting improvements in light comfort of
5.85% and 20% for four-directional and tri-directional atriums, respectively.

With increasing emphasis on emission reduction in the building sector, the thermal
optimization of building envelopes and the control of operational carbon emissions have
emerged as another research focus in recent years. Previous studies have examined build-
ing design strategies for balancing energy use and indoor environmental performance.
Xu et al. [15] developed a classroom optimization method considering energy demand,
thermal comfort, and daylighting. Nazari et al. [19] investigated window and shading opti-
mization to reduce energy consumption and improve occupant comfort, while Liu et al. [2]
examined multi-objective design optimization for energy use and thermal comfort in a
university student center.

Given the inherent physical tradeoff between enhancing daylighting and reducing
operational carbon emissions, the coupled optimization of daylight-thermal environments
has become a mainstream trend in current research [20]. Wang et al. [21] and He et al. [22]
employed a co-simulation framework coupling EnergyPlus and Radiance, achieving the
synchronous deduction of design variables under composite daylight-thermal boundaries.
To search for optimal solutions amidst vast combinations of design variables, Wani et al. [23],
Wang et al. [24], and Zhai et al. [25] introduced non-dominated sorting genetic algorithms
(e.g., NSGA-II) to iteratively solve for multi-dimensional parameters—such as window-to-
wall ratios, shading dimensions, and envelope materials—successfully obtaining Pareto
optimal solution sets for daylight-thermal synergistic optimization.

Previous optimization studies commonly adopted homogeneous facades or standard-
ized floor layouts [26,27], leaving orientation- and floor-specific design configurations
less explored.

1.2.2. Multi-Objective Optimization and Regression Prediction Models

This study employs NSGA-II to explore trade-offs between daylighting and carbon
emissions. Repeated performance simulations are computationally demanding, motivating
the use of machine learning surrogate models for efficient prediction [28].

Previous studies have investigated algorithms such as SVM, RF, and ANN, along-
side component-based prediction approaches and reviews of data-driven building perfor-
mance modelling [29-32]. These studies provide a basis for surrogate modelling, while
two challenges remain relevant to heterogeneous building design: model generalization
and interpretability.

First, regarding model generalization, the vast majority of daylighting-thermal regres-
sion prediction tasks still rely on single machine learning algorithms. While individual
learners fit well with conventional boundaries, their generalization capability and robust-
ness are significantly constrained when facing large-scale datasets and nonlinear features.
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Second, regarding mechanistic interpretability, existing prediction models typically
manifest as impenetrable “black boxes.” These models often overly focus on pursuing
absolute precision in terminal predicted values (such as illuminance metrics and carbon
emission intensity). Although they capture the nonlinear characteristics of the data, they
obscure the deep physical mechanisms through which input variables drive target perfor-
mance, making it difficult to translate high-precision prediction models into actionable
building design guidelines with clear guiding significance.

To address the aforementioned pain points, introducing a multi-model fusion Stacking
ensemble learning framework has become an effective approach to breaking through the
robust prediction bottleneck of high-dimensional heterogeneous parameters and solving
the generalization limitation of models. Meanwhile, combined with the cutting-edge SHAP
interpretability analysis, it enables a deep decoding of the marginal contributions and
nonlinear regulatory patterns of design parameters on various performance metrics [33].
Nevertheless, relevant research that deeply integrates the Stacking architecture with SHAP
and specifically applies it to the “daylighting-carbon” synergistic optimization of heteroge-
neous building spaces remains scarce.

1.3. Research Gaps and Objectives

Despite advances in the synergistic optimization of daylighting and operational carbon
emissions in teaching buildings, three research gaps remain:

(1) Existing studies often adopt symmetrical spatial layouts and uniform envelope config-
urations, leaving the potential of differentiated designs across orientations and floors
insufficiently explored.

(2) Individual design parameters do not directly quantify spatial heterogeneity. Explicit
indicators are needed to characterize north—south differences and vertical gradients
and support the extraction of quantitative design patterns.

(3) The integration of ensemble prediction and interpretable analysis remains limited for
heterogeneous teaching building designs, hindering the translation of performance
predictions into practical design guidance.

To address these gaps, this study develops a framework integrating parametric mod-
eling, multi-objective optimization, ensemble prediction, and interpretable analysis. The
specific research objectives are as follows:

(1) To define 24 design parameters representing horizontal and vertical differentiation
and apply NSGA-II multi-objective optimization to identify heterogeneous design
configurations that improve daylighting performance while reducing operational
carbon emissions.

(2) To establish 12 Heterogeneity Indicators (Hls) that quantify north-south differences
and vertical gradients, and develop and evaluate Stacking regression models using
the original parameters and HIs as two separate feature sets for rapid performance
prediction.

(3) To apply SHAP analysis to identify influential design parameters and heterogeneity
indicators, interpret their contributions to predicted daylighting and carbon performance,
and derive heterogeneous design strategies for teaching buildings in cold climates.

2. Methodology
2.1. Overall Research Framework

Targeting teaching buildings in cold regions, this study constructed an integrated
design framework that fuses parametric model construction, multi-objective optimization,
and prediction modeling. The overall workflow is illustrated in Figure 1, specifically
comprising the following three core phases:
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Figure 1. Overall research framework.

First, the heterogeneous design parameters of the teaching building were identified,
and their specific value ranges were delineated. Subsequently, systematic heterogeneity
indicators (HIs) were established to provide precise variable boundaries and evaluation
benchmarks for subsequent dynamic simulation, optimization, and data mining. Finally,
based on these indicators, a parametric physical model of a typical teaching building in a
cold region was constructed.

@)

Dynamic Performance Simulation and Multi-Objective Optimization

The EnergyPlus and Radiance physical engines were utilized to conduct annual
dynamic simulations of the daylight-thermal environment on the parametric model. Op-
erational carbon emission intensity (CEI), spatial daylight autonomy (sDA), and useful
daylight illuminance (UDI) were extracted as the core objective functions. Building upon
this, the NSGA-II multi-objective optimization algorithm was executed to perform iterative
searches, acquiring the Pareto optimal solution set that balances carbon reduction require-
ments in cold climates with high-quality daylighting. The heterogeneous distribution
patterns of the spatial geometry and facade parameters within this set were then extracted.

(3) Prediction Model Construction and SHAP Analysis

Integrating the large-sample database generated during the multi-objective optimiza-
tion phase, machine learning-based ensemble regression prediction models were con-
structed to achieve efficient and precise predictions of the building’s daylighting and car-
bon performance indicators. Finally, the SHAP (Shapley Additive Explanations) analytical
method was introduced to perform explainable decoding of the black-box regression mod-
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els, accurately quantifying the driving mechanisms and relative contributions of individual
heterogeneous design parameters and heterogeneity indicators to building performance.

2.2. Parametric Model Construction
2.2.1. Selection and Field Measurement of the Case Study Building

The Sixth Teaching Building of Yantai University, located in Yantai, Shandong Province,
within China’s cold climate zone (37.5° N, 121.4° E), was selected for field measurements
and as the reference case for parametric modelling. Constructed around 1990, the build-
ing accommodates teaching activities for students and teachers and has a double-loaded
corridor layout, with classrooms arranged on the north and south sides. The building
planis 72 m long and 19 m wide, with a central inner corridor 3 m in width. It comprises
five above-ground stories, with a floor-to-floor height of 3.6 m. As one of the 17 surveyed
teaching buildings, it shares their multi-story form and corridor-based spatial organization,
providing a reference case grounded in the surveyed local building type. Despite its homo-
geneous facade configuration, the building exhibited spatial variations in daylighting and
thermal conditions across orientations and floors under external meteorological influences.
These characteristics made it suitable for investigating spatial differentiation and informed
the subsequent decoupling of plan and facade parameters.

To quantify the spatial differences in daylighting and thermal conditions and obtain
data for model validation, synchronized indoor-outdoor measurements were conducted
on 14 June 2026, covering one day from 8:00 to 18:00 under overcast conditions. Outdoor
air temperature, relative humidity, and illuminance were recorded concurrently. Four rep-
resentative classrooms were selected for the measurements: the south-facing ground floor
(1E-S), the north-facing ground floor (1F-N), the south-facing top floor (5F-5), and the north-
facing top floor (5F-N). Within each tested classroom, 24 illuminance measurement points
were evenly distributed across a standard workplane at a height of 0.75 m above the floor.
Simultaneously, an air temperature measurement point was positioned at the geometric
center of each classroom to synchronously record temperature and illuminance variations
(detailed instrument parameters are listed in Table 1, and the layout of measurement points
is shown in Figure 2) [9]. During the measurement period, the target classrooms were
strictly maintained in an unoccupied state, and all mechanical and electrical equipment,
including artificial lighting and HVAC systems, were completely turned off. This was done
to accurately capture the natural daylight-thermal response characteristics of the building
body operating in a passive mode [6].

Table 1. Test parameters and measuring instruments.

Test

Location  Equipment Parameters Test Time
Interval

Accuracy

1F&5F
Thermal Classrooms TES-
test (S&N) 1360A
Outdoor 8:00-

1F&5F 18:00
Daylight Classrooms

test (S&N)
Outdoor

Temperature +0.4°C

1h

TES-1339  Illuminance +3%
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Figure 2. Measurement point layout and instrument photographs: (a) layout of measurement points;
(b) thermo-hygrometers; (c) lux meter.

2.2.2. Design Parameters and Their Value Ranges

To establish design variable ranges for the subsequent multi-objective optimization,
field surveys and architectural mapping were conducted on 17 teaching buildings, includ-
ing the Sixth Teaching Building of Yantai University. All surveyed buildings were located
in Yantai, within China’s cold climate zone. The sample was selected based on a shared
teaching function, multi-story form, and double-loaded corridor layout with classrooms on
the north and south sides, ensuring consistency with the reference case in building use and
spatial organization. The surveys recorded room depth, room width, window height, and
window-to-wall ratio. These data were then examined using boxplots, and the interquartile
range (25th-75th percentiles) of each parameter was used to define the conventional design
boundaries (Figure 3).
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Figure 3. Distribution of measured data for design parameters: (a) room depth; (b) room width;
(c) window height; (d) window-to-wall ratio.

Within these parameter ranges, classroom dimensions were adjusted while keeping
the building’s external dimensions and corridor width fixed. The combined depth of
the north- and south-facing classrooms was constrained to 16 m, and classroom widths
varied within the fixed building length. These adjustments redistributed internal space
while preserving gross floor area, total building volume, and overall compactness, thereby
excluding changes in these quantities as a source of performance improvement. Occupancy
in each classroom was calculated from its floor area at 1.5 m?/ person, rather than fixed
independently of room size.

Based on the establishment of the baseline building physical model, to further explore
the heterogeneous design strategies required for buildings to respond to external meteoro-
logical conditions, this study conducted a refined spatial decoupling of the conventional
parameters obtained from the field survey:

(1) Orientation decoupling in the horizontal dimension refers to specifying room di-
mensions separately for the north and south orientations within the fixed building
geometry. The corresponding parameters are north-facing depth (Dy;), south-facing
depth (Dg), north-facing width (Wy;), and south-facing width (Ws).

(2) Facade decoupling in the vertical dimension: The North and South facades were
vertically subdivided into three sub-zones: High (H, 5th floor), Middle (M, 2nd—4th
floors), and Low (L, 1st floor). The window-to-wall ratio (WWR), window height
(HW), and glazing type (GT) were independently assigned for all 6 zones across
the building.

(8) Thermal property decoupling refers to specifying envelope thermal properties sepa-
rately by orientation or facade zone. Glazing types were assigned to the six facade
zones described above, while the north- and south-facing exterior wall heat transfer
coefficients (UWN and UWS) were specified separately. Furthermore, the values for
the wall heat transfer coefficients and the thermo-optical properties of the glazing
strictly refer to the current “Design Standard for Energy Efficiency of Public Buildings”
(GB 50189-2015) [34].

Through the multi-dimensional detailed subdivision described above, this study ul-
timately established 24 independent design variables categorized into plan, facade, and
envelope configurations. The specific design variables, their value ranges, and iteration
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steps are detailed in Table 2; the thermo-optical properties of the glazing involved in the
optimization are detailed in Table 3. The cross-combination of these 24 variables can con-
struct a high-dimensional parametric solution space containing rich asymmetric features,
laying a robust data foundation for subsequent multi-objective evolutionary optimization.

Table 2. Design parameters of the teaching building model.

Classification Design Parameter Abbreviation Range Units Steps
North-facing room depth Dn 6-9.5 m 0.5
Plan P South-facing room depth Dg 6-9.5 m 0.5
an Parameters North-facing room width Wn 11.5-14.5 m 0.5
South-facing room width Ws 11.5-14.5 m 0.5
North-facing 1st-floor window-to-wall ratio WWRy L 0.2-0.6 0.05
North-facing 2nd—4th floor window-to-wall ratio WWRN M 0.2-0.6 0.05
North-facing 5th-floor window-to-wall ratio WWRN H 0.2-0.6 0.05
South-facing 1st-floor window-to-wall ratio WWRg L, 0.2-0.6 0.05
South-facing 2nd—4th floor window-to-wall ratio WWRg M 0.2-0.6 0.05
Facade P South-facing 5th-floor window-to-wall ratio WWRs 0.2-0.6 0.05
acade Farameters North-facing 1st-floor window height HWn L 1.8-2.6 m 0.2
North-facing 2nd—4th floor window height HWnMm 1.8-2.6 m 0.2
North-facing 5th-floor window height HWnNH 1.8-2.6 m 0.2
South-facing 1st-floor window height HWg, 1.8-2.6 m 0.2
South-facing 2nd—4th floor window height HWsm 1.8-2.6 m 0.2
South-facing 5th-floor window height HWsy 1.8-2.6 m 0.2
North-facing 1st-floor glass type GTnL 04 1
North-facing 2nd—4th floor glass type GTnmMm 0-4 1
North-facing 5th-floor glass type GInnu 04 1
Envelope South-facing 1st-floor glass type GTsL 04 1
Parameters South-facing 2nd—4th floor glass type GTsm 04 1
South-facing 5th-floor glass type GTsu 04 1
North-facing wall heat transfer coefficient UWy 03-1.8 W/m2K) 03
South-facing wall heat transfer coefficient UWg 03-1.8 W/m2K) 03
Table 3. Construction and key thermo-optical properties of different glazing types.
No. Glazing Type Glazing Construction (mm) U (W/(m?-K)) SHGC
Double clear
0 (Argon-filled) 6+9Ar+6 2.52 0.75
Double-glazed single
1 Low-E (Air-filled) 6 Low-E+9a+6 1.93 0.62
Double-glazed single
2 Low-E (Air-filled) 6 Low-E +12a + 6 1.74 0.60
Double-glazed single
3 Low-E (Argon-filled) 6 Low-E + 12Ar + 6 1.48 0.60
4 Triple-glazed single oy F  9Ar 164 12Ar 46 1.25 045

Low-E (Argon-filled)

Note: as a modelling assumption, visible transmittance was fixed at 0.81 for all glazing options, while
their U-values and solar heat gain coefficients (SHGC) differed.

2.2.3. Construction of Spatial Heterogeneity Indicators

The 12 Heterogeneity Indicators (HIs) were selected to describe relative differences in
spatial dimensions, fenestration, and envelope thermal properties. Six horizontal indicators
compare north- and south-facing parameters, while six vertical indicators compare upper
and lower facade parameters. Previous research has used the north-to-south room-depth
ratio to describe spatial asymmetry [35]; this study extends the ratio-based approach to
both horizontal and vertical dimensions.
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For horizontal comparisons, room depth, room width, and wall U-value are compared

directly between orientations. Window-to-wall ratio, window height, and glazing U-value

are first averaged within each orientation using weights of 1:3:1 for the high, middle, and

low zones, corresponding to their respective floor counts.

For vertical comparisons, the five-story building is divided into two equal-height

halves.

Each half contains one end floor and 1.5 middle-zone floors.

The upper-

to-lower ratio is therefore calculated as (Xg + 1.5Xy)/ (XL + 1.5Xpy), equivalent to
(2Xp + 3XMm)/ (2XL, + 3Xpyp). Thus, the coefficients 2 and 3 arise from the geometric sub-
division. These ratios describe relative parameter differences, with glazing U-values treated

as floor-weighted features rather than effective whole-facade U-values. The definitions and

calculation formulas of the 12 heterogeneity indicators are presented in Table 4.

Table 4. Classifications, definitions, and calculation formulas of the Heterogeneity Indicators (HlIs).

Heterogeneity Indicators Symbol Formula
Ratio (r)(f, cl)\In(:rctilgl—gttok;South Dy /Ds Dn/Ds
Ratio ;)(f) (I)\Irr?l;t’}il(—itt(;50uth W /Ws Wn/Ws
g RIS o s
" indow heght W /HWs Vs
Ratio of No%l:t;—jguth glazing UGn/UGs UGN /UGg
Ratio of N%r_t\}lla-&lc;fouth wall UWnx/UWs UWn/UWsg
Ratio Owg\yﬁf(ﬁéﬁger ZOMC WWRN Upper/WWRN Lower  (WWRn11 X 2+ WWRym % 3)/(WWRN X 2+ WWRym % 3)
Ratio ofwus\ll)lgr(-;gj(t)}:\)/er zone WWRs, Upper/ WWRs Lower (WWRsy x 2 +WWRsy % 3)/(WWRsp, x 2+ WWRgy x 3)
Velfltligal Eat“;?r?é;%ﬁ;ﬁ}l&vgtﬁ?ne HWN upper / HWN Lower (HWxn x 2+ HWym x 3)/(HWL x 2+ HWim x 3)
axségvgplf;;;(})l-tl(()g:)ﬁi)one HWSs upper/HWs Lower (HWsp x 2+ HWsm x 3)/(HWs L x 2+ HWsm X 3)
RO perlo o UG W24 U ¢ 9/ (s %2 U 3
Ratio of upper-to-lower zone UGs Upper /UGS Lower (UGspy x 2+ UGgy % 3)/(UGsp x 2+ UGsym X 3)

glazing U-value (South)

Note: All HIs are dimensionless. A ratio of 1 indicates equal compared values. For exam-
ple, with (WWRH = 0.40), (WWRM = 0.30), and (WWRL = 0.20), the upper-to-lower ratio is
(2 x 0.40 + 3 x 0.30)/(2 x 0.20 + 3 x 0.30) = 1.308).

2.2.4. Parametric Model Construction

Upon the completion of variable definition and feature extraction, this study leveraged

Rhino 3D and its visual programming plug-in, Grasshopper, to translate the aforementioned

24 independent design parameters into a dynamically driven building physical model.
Simulations were performed using Ladybug Tools v1.8.0, Radiance v5.4a, and EnergyPlus
v23.2.0. The schematic diagram of the parametric teaching building model is illustrated

in Figure 4.

The model generation strictly adhered to the decoupling logic of the heterogeneous

design parameters: First, asymmetrical north-south topological grids were generated
based on four horizontal geometric variables (Dn, Ds, Wn, Ws). Second, the parametric
subdivision of the transparent facades was executed by reading the window-to-wall ratios
and window heights (WWR, HW) across the six elevational sub-zones. Finally, utilizing
the Ladybug Tools (Honeybee) components, the glazing types (GTs) and exterior wall heat
transfer coefficients of each sub-zone were precisely assigned to their corresponding physi-

cal surfaces, thereby constructing a comprehensive building physical simulation boundary.
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Figure 4. Schematic diagram of the parametric teaching building model.

Regarding the setup of simulation boundaries and environmental conditions, the
model was driven by the EnergyPlus Weather (EPW) data for Yantai. In accordance
with the Design Standard for Energy Efficiency of Public Buildings (GB 50189-2015) [34],
the indoor occupancy density was set to 1.5 m?/person, while the winter heating and
summer cooling setpoint temperatures were controlled at 18 °C and 26 °C, respectively
(detailed parameters for indoor internal heat gains and operational schedules are presented
in Table 5).

Table 5. Parameter settings for occupants and equipment.

Parameter Setting
Simulation Period 1 January to 31 December
Monday to Friday: 8:00-18:00
Occupancy Schedule Saturday to Sunday: Closed
Holiday: Closed

Occupant density (m?/person) 15
Lighting Power Density (W/m?) 8
Equipment Power Density (W/ m?) 5
Room summer setpoint temperature (°C) 26
Room winter setpoint temperature (°C) 18
Fresh air volume [m3/ (h-person)] 30
Cooling COP 2.3

Heating COP 5.6

Test grid size (m) 2m X 2m

Iluminance sensor height (m) 0.75

Interior wall reflectance 0.60

Ceiling reflectance 0.75

Floor reflectance 0.30

Surface roughness (walls, ceilings, and floors) 0.05

Intensity of infiltration 0.0003 m3/(s-m?)

Surrounding buildings were included in the model to account for external obstructions.
No shading devices or blinds were modelled, consistent with the surveyed conditions.
Interior surface reflectances and roughness are specified in Table 5. Preliminary parameter
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exploration showed that daylighting metrics were highly sensitive to glazing visible trans-
mittance. Therefore, visible transmittance (T) was fixed at 0.81 across all glazing options to
control this influence and more clearly assess performance differences associated with spa-
tial layout and facade heterogeneity. Daylighting was evaluated using a 2 m X 2 m sensor
grid at a workplane height of 0.75 m. This grid spacing follows a precedent in classroom
daylighting simulation [36].

2.3. Performance Simulation and Multi-Objective Optimization
2.3.1. Construction of Daylighting-Carbon Emission Optimization Objectives

(1) Dynamic Daylighting Metrics (sDA and UDI)

Daylighting performance metrics can be classified into static and dynamic categories.
Considering the drastic seasonal variations in solar radiation typical of cold-climate re-
gions, this study adopted the dynamic metrics of sDA and UD], based on annual hourly
meteorological data, to evaluate natural daylighting performance from the dimensions of
“quantity” and “quality,” respectively.

Spatial Daylight Autonomy (sDA) is used to characterize the proportion of indoor
effective floor area that can continuously receive sufficient workplane illuminance. In
accordance with the standards of the [lluminating Engineering Society (IES) and addressing
the high-intensity visual task requirements in teaching spaces, this study adopted the
sDA300/50% evaluation benchmark [37,38]. This metric represents the percentage of floor
area where the illuminance reaches or exceeds 300 Ix for at least 50% of the annual operating
hours. Its calculation formula is as follows (Equation (1)):

Y (A w;)

x 100% (1)
Atotal °

sDAz00/50% =
where N is the total number of illuminance sensor nodes within the space; A; is the effective
area represented by the i-th node; A_total is the total analysis area of the evaluated zone.
The weighting factor w; depends on the daylight autonomy of that specific node (DA;),
which is determined as follows: when DA > 50%,w; = 1; otherwise, w; =0
However, the singular pursuit of a high sDA can easily induce direct glare. Useful
Daylight Illuminance (UDI) compensates for this limitation by focusing on the proportion
of time during the annual occupied hours when the indoor illuminance falls within the
visually comfortable range (100-2000 1x) [39,40]. The introduction of UDI;pp_pggox aims
to simultaneously avert the risks of insufficient daylighting (<100 1x) and excessive glare
(>2000 Ix). Its calculation formula is as follows (Equation (2)):

_ Z?:l hi/t 0
UDI40—2000x = == * 100% 2)
Ttotal
where T}y, is the total annual operational hours (h); ¢ represents a specific hour of the year.
When the indoor natural illuminance E; ; at time step ¢ satisfies 100 < 2000 lx, the binary
parameter h; ; = 1; otherwise, h; ; = 0.

(2) Heating- and Cooling-Related Operational Carbon Emission Intensity (CEI)

Under the macro-guidance of the “dual-carbon” strategy, reducing the environmental
cost during the building operation phase is the core objective of performance optimiza-
tion [41]. CEI is defined as the annual operational carbon emissions from heating and
cooling per unit floor area, calculated using the corresponding electricity consumption and
the electricity carbon emission factor. Lighting electricity is excluded from this indicator.

First, hourly simulations were conducted utilizing the EnergyPlus engine to obtain
the building’s annual heating and cooling energy use intensities (EUlpeating and EUlooling,
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unit: kWh/m?). Subsequently, based on the average carbon emission factor of the Shan-
dong provincial power grid specified in the Announcement on the Release of 2022 Carbon
Dioxide Emission Factors for the Power Sector issued by the Ministry of Ecology and Envi-
ronment [42], the energy consumption data were uniformly converted into the building’s
annual operational carbon emission intensity (Carbon Emission Intensity, unit: kgCO, /m?).
The calculation formula is as follows (Equation (3)):

CEI = (EUlheating + EUlcooling) X f. 3)

where EUlheating is the annual heating energy use intensity per unit area; EUlcooling is the
annual cooling energy use intensity per unit area; and f; is the average carbon emission
factor of the Shandong provincial power grid, taken as 0.6410 kgCO, /kWh in this study.

2.3.2. Multi-Objective Optimization Experiment

To ensure adequate exploration of the design boundaries, maintenance of population
diversity, and stable convergence to the Pareto front, the core operational parameters of the
NSGA-II algorithm were configured as detailed in Table 6. The entire optimization process
conducted dynamic performance evaluations on a total of 6000 design scenarios.

Table 6. Parameter settings for the Wallacei (NSGA-II) multi-objective optimization algorithm.

Algorithm Parameters Value
Population Size 50
Generation Count 120
Crossover Probability 0.90
Mutation Probability 0.05

The core of multi-objective optimization lies in quantifying and resolving the physical
trade-off between daylight admission and building thermal loads through algorithmic
iteration. This study leveraged the Wallacei plug-in within the Grasshopper platform to
drive the NSGA-II algorithm. Given that the underlying logic of this algorithm operates
on a “minimization” search, the daylighting performance metrics (sDA, UDI) intended
for maximization were mathematically transformed into their reciprocals. Conversely,
the carbon emission intensity (CEI), which inherently requires minimization, remained
unmodified. Consequently, a three-dimensional synergistic optimization objective function,
constrained by the 24 heterogeneous design variables x, was formulated (Equation (4)):

minF(x) = {f1(x),f2(x) f3(x)} (4)

The individual objective functions are specifically defined as follows (Equations (5)—(7)):

1
fa(x) = 5y (5)
fa(x) = S — (6)
27 UDILgo 000
f3(x) = CEI(x) 7)

Wherein, the decision variable set x encompasses all the planar-elevational geometric
boundaries and envelope thermal parameters listed in Table 3 of the preceding text, with
its optimization search domain strictly constrained by the preset boundaries (Equation (8)):

xi = [xi,minrxi,max]r l = 1/ 2/ Y 24 (8)
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2.3.3. Selection of Comprehensive Optimal Solutions

To select the optimal Pareto solutions generated by the final generation, the Min-Max
normalization method was employed to map all performance metrics uniformly onto the
[0, 1] interval. To ensure consistency in the benefit orientation of the final score (where
a higher score indicates superior comprehensive performance), positive normalization
was applied to the maximization objectives (sDA, UDI) (Equation (9)), while reverse
normalization was applied to the minimization objective (CEI) (Equation (10)):

X — X
x; — 1 min (9)
Xmax — Xmin
X — X
x; _ _Tmax i (10)

Xmax — Xmin
Upon completion of normalization, given that the multi-objective optimization did
not impose extreme preferences on any single objective, this study assigned equal weights
to the three daylight-thermal metrics to calculate the Comprehensive Performance Index
(CPI) for each design scheme. The calculation formula is as follows (Equation (11)):

CPI = CEI;wrm + SDA;zorm + UDI;lorm (11)

Based on the aforementioned formula, the scheme with the highest comprehensive
CPI score within the solution set was extracted as the comprehensive optimal solution of
this study.

2.4. Regression Prediction Models and SHAP Analysis
2.4.1. Dataset Construction

A total of 6000 valid continuous performance simulation datasets were generated
through the multi-objective optimization experiments. To comprehensively compare the
representation capabilities of design parameters versus heterogeneity indicators on building
performance, this study concurrently constructed two parallel feature datasets: the baseline
dataset, constructed based on the 24 design parameters listed in Table 2, and the HIs dataset,
constructed based on the 12 heterogeneity indicators listed in Table 4. The continuous
performance outcomes (sDA, UDI, CEI) output by these 6000 simulations directly served
as the ground truth to drive the regression models.

Regarding dataset partitioning, each of the two parallel datasets was divided into
training, validation, and test sets at a ratio of 7:1:2. Specifically, 4200 samples (70%) were
used for model training, 600 samples (10%) for performance validation during model
development, and 1200 samples (20%) for the final evaluation of predictive performance.
The test set was reserved for final evaluation and was not used for model fitting or selection.
Five-fold cross-validation was performed within the training subset. The validation subset
supported model selection, and the testing subset was reserved for final evaluation. [6].

2.4.2. Predictive Model Construction

When confronted with an extensive library of design schemes containing numerous dif-
ferentiated configurations, the computational cost of traditional physical engines becomes
prohibitively high [4]. To this end, this study incorporates machine learning techniques
to construct efficient surrogate models, aiming to directly establish a non-linear regres-
sion mapping relationship between architectural geometric parameters (or heterogeneity
indicators) and continuous daylighting-thermal performance metrics (sDA, UDI, CEI).

Three baseline regressors—XGBoost, RF, and MLP—and a Stacking ensemble were
evaluated. Records containing missing or non-finite values were excluded. Target variables
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and MLP input features were standardized using training data, with predictions trans-
formed back to their original units. Hyperparameters were tuned through randomized
search with five-fold cross-validation within the training subset.

(1) Machine Learning Models

To fully capture the complex correlations between building facade features and per-
formance, this study selected classical tree-based ensemble algorithms as core baseline
predictors, specifically Extreme Gradient Boosting (XGBoost) and Random Forest (RF).
By incorporating regularization terms and second-order derivative-based approximate
optimization, XGBoost effectively controls model complexity and enhances fitting accuracy.
In contrast, RF relies on the Bagging strategy to construct multiple deep decision trees and
computes their average, exhibiting strong robustness in handling non-linear features and
resisting outliers [43].

(2) Multi-Layer Perceptron (MLP)

The Multi-Layer Perceptron (MLP) is a classical feed-forward artificial neural network
that demonstrates superior deep feature extraction capabilities in handling highly complex
non-linear regression tasks [44]. During the forward propagation of information within
the network, neurons in each layer receive weighted inputs from the preceding layer
and transform them via non-linear activation functions, thereby achieving high-order
mapping of the feature space. The mathematical expression of this hierarchical information
transmission is as follows (Equation (12)):

0] :f(w(l)h(lfl) +b0) (12)

where h() is the output vector of the I-th layer; W® and b() are the weight matrix and bias
vector of the layer, respectively; and f(-) denotes the activation function that introduces
non-linearity.

(3) Stacking Ensemble Model

The Stacking ensemble used XGBoost, RE, and MLP as base regressors and RidgeCV
as the meta-learner. Five-fold out-of-fold predictions from the training subset were com-
bined with the original input features to train the meta-learner. The base regressors were
subsequently fitted on the full training subset, and a separate ensemble was fitted for each
prediction target.2.4.3 Predictive Model Evaluation

To scientifically quantify the prediction accuracy and generalization capability of the
regression models, this study selected three core evaluation metrics—the coefficient of
determination (R?), root mean square error (RMSE), and mean absolute percentage error
(MAPE)—to comprehensively validate the prediction results [45-47].

In Equations (13)—(15), n is the total number of samples in the test set, y; is the true

simulated value calculated by the physical engine, y; is the predicted value of the regression
model, and ¥ is the sample mean of the true values.

Coefficient of Determination (R?) (Equation (13)): Reflects the proportion of variance
in the dependent variable (true values) that is predictable from the independent variables
(predicted values) by the model. A value closer to 1 indicates a higher goodness of fit.

N2
) i1 (yi - yi)
RP=1-———— (13)
iy (vi — yi)2

https:/ /doi.org/10.3390/buildings16214422


https://doi.org/10.3390/buildings16214422

Buildings 2026, 16, 4422

16 of 34

Root Mean Square Error (RMSE) (Equation (14)): Measures the sample standard devia-
tion of the differences between predicted and true values. It exhibits strong penalty sensitiv-
ity to large local errors, and a smaller value indicates higher absolute prediction accuracy.

RMSE — \/ Iy <yi_?i)2 (14)

Mean Absolute Percentage Error (MAPE) (Equation (15)): Presents the prediction
error in the form of a relative percentage, effectively eliminating the influence of scale
differences among various performance metrics (such as illuminance and carbon emissions)
and enabling an intuitive evaluation of the relative deviation of the model across different
value intervals.

MAPE — 100%

n \Yi—Y;
Y[ 05)

2.4.3. SHAP Explainability Analysis

Despite the high prediction accuracy offered by high-dimensional Stacking ensemble
models, their complex “black-box” nature conceals the underlying building physics, making
it difficult for designers to extract actionable design rules [48]. To this end, this study
introduces the SHAP (Shapley Additive exPlanations) algorithm to conduct an in-depth
interpretation of the machine learning models [49].

The core concept of SHAP is to achieve local linear attribution of complex non-linear
prediction results by calculating the marginal contribution of each input feature to the
model’s final output (i.e., the Shapley value) [50]. For a given sample x, the fundamental
calculation formula for the Shapley value ¢; of the i-th feature is as follows (Equation (16)):

o=y BRI 50 - sy (16

SCR\{i)

where F represents the set of all architectural design features; | F| is the total number of fea-
tures; S is any feature subset that excludes feature i; | S| is the number of features contained
in subset S; f+(S U {i}) is the model prediction output when feature 7 is included; f,(S) is
the baseline prediction output when feature 7 is excluded. Consequently, f+(S U {i}) — fx(S)
represents the marginal contribution brought by feature i after joining subset S.

SHAP ranks feature importance and describes positive and negative contributions to
model predictions, rather than causal effects. Because some Hls share underlying variables,
correlations between them may affect attribution; individual contributions should not be
interpreted as independent physical effects.

3. Results

3.1. Field Measurement Results and Baseline Model Validation
3.1.1. Classroom Thermal-Daylighting Field Measurement Results

Field measurement data indicate (Figure 5) that in terms of planar distribution, the
top-floor south-facing classroom (5F-S) experienced a peak working-plane illuminance of
1700 lux, with indoor temperatures peaking at 32.0 °C. In comparison, the north-facing
classroom on the same floor (5F-N) recorded a peak illuminance of 1162.4 lux and tempera-
tures ranging from 28.8 °C to 29.9 °C, demonstrating that illuminance and temperatures
are significantly higher in south-facing rooms than in north-facing ones. Vertically, the
daily peak illuminance in the first-floor south-facing classroom (1F-S) dropped to a low
of 825.0 lux, and its daily peak temperature was 4.5 °C lower than that of 5F-S (peaking
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Temprature(°C)

34

32
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28
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24

at 27.5 °C). For the bottom-floor shaded north-facing room (1F-N), the illuminance plum-
meted to a minimum of only 52.9 lux during the afternoon, exhibiting pronounced daylight
deficiency. These field results intuitively reveal the significant spatial heterogeneity exist-
ing in the indoor thermal-daylighting environment of the teaching building across both
horizontal and vertical dimensions.
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Figure 5. Comparison of measured indoor conditions in the four classrooms: (a) air temperature;
(b) illuminance.

3.1.2. Validation of Model Simulation Against Field Measurements

The baseline model was evaluated against field measurements using the measured
outdoor temperature, relative humidity, and illuminance as the corresponding boundary
inputs. An overcast sky model was used for the measurement-day daylighting validation,
consistent with the observed weather conditions. Occupancy, artificial lighting, and HVAC
operation were disabled to match the measurement conditions. Simulated indoor tempera-
tures and illuminance were compared with measurements at corresponding locations and
times using R?> and MAPE.

Table 7. Error analysis of measured and simulated data for the baseline model.

MeaPsu'rement Evaluation Metrics Temperature Illuminance
oints
5E-S MizPE 1(,)5%0‘:/0 5(.)9?/0
5F-N Ming L o5% 0.4
1E-S MIfPE 1(,)4?53/0 7.0133/0
1E-N MiZPE 19@,&, 89;2/0

Figure 6 and Table 7 compare the measured and simulated results. For indoor tem-
perature, R? ranges from 0.92 to 0.96 and MAPE from 1.05% to 1.52%. For illuminance, R?
ranges from 0.97 to 0.99 and MAPE from 5.95% to 9.48%.
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Figure 6. Comparison between indoor thermal and daylighting field measurements and simulation

data: (a) temperatures for 5F-S; (b) temperatures for 5F-N; (c) temperatures for 1F-S; (d) temperatures

for 1F-N; (e) illuminance for 5F-S; (f) illuminance for 5F-N; (g) illuminance for 1F-S; (h) illuminance

for 1F-N.

The agreement between measured and simulated results supports the model’s ability

to reproduce indoor temperature and daylight illuminance under the monitored conditions,

providing an empirical basis for subsequent parametric analysis.

https://doi.org/10.3390/buildings16214422


https://doi.org/10.3390/buildings16214422

Buildings 2026, 16, 4422

19 of 34

0610

0.622

0.634

0.647

0.660

0673

Mean Value

! ..s.- "t
Pl

Mean Values Trendline

& ~ S
dd "

6.83

Generation

(a)

et

K

3.2. Multi-Objective Optimization Experiments
3.2.1. Convergence Evaluation

In this study, the number of evolutionary generations for the NSGA-II algorithm was
set to 120, evaluating a total of 6000 independent design schemes. Figure 7 illustrates the

generation-by-generation changes in the average values of the three evaluation metrics:
sDA, CEI, and UDI.
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Figure 7. Convergence of simulated performance during NSGA-II optimization: (a) sDA; (b) CEI;
(c) UDL. The blue dots and solid lines represent the mean objective values across generations, while
the red dots and dashed lines indicate the overall change from the initial to the final generation.

Figure 7a illustrates the generation-by-generation average value change curve of spatial
Daylight Autonomy (sDA). The sDA metric experienced a global parameter exploration in the
first 20 generations, followed by a steady increase, and leveled off after 80 generations. Fig-
ure 7b illustrates the generation-by-generation average value change curve of Carbon Emission
Intensity (CEI) during the operation phase. Within the first 40 generations of evolution, the CEI
rapidly declined, quickly eliminating inferior high-carbon solutions. After 60 generations, the
mean curve remained largely horizontal, achieving convergence first. Figure 7c illustrates the
generation-by-generation average value change curve of Useful Daylight llluminance (UDI).
Due to the complex physical trade-offs among UDI, sDA, and CE]I, its evolutionary process
exhibited moderate fluctuations; however, the overall mean still maintained a clear directional
evolution and eventually converged within a concentrated solution space.

After 120 generations of evolution, the population means of all three evaluation metrics
smoothly transitioned to directional convergence, proving that the algorithm has effectively
approached the Pareto optimal front. These 6000 sets of continuous simulation data also
provide a reliable data basis for the subsequent training of classification surrogate models.

3.2.2. Distribution Characteristics of Design Parameters for Optimal Solutions

This study conducted an in-depth analysis of the 37 non-dominated solution sets from
the final generation of the multi-objective optimization experiments. The spatial design
parameters of these solutions exhibited highly converged and heterogeneous distribution
characteristics across both horizontal and vertical dimensions.

(1) Horizontal Differences: Asymmetric Reconstruction of Spatial Geometry

As illustrated in Figure 8a, the Pareto optimal solution sets abandon conventional
homogeneous and symmetric layouts in planar spatial partitioning, exhibiting a “deep-
south and shallow-north” distribution pattern in room depth. In cold climate regions, since
winter heating energy consumption dominates the annual operational carbon emissions, the
south-facing room depth (Ds) of the vast majority of solutions converges to the maximum
values (9.0-9.5 m), aiming to maximize the capture of solar radiation in winter to reduce
heating carbon emissions. Conversely, due to the lack of effective solar radiant heat
gains, the north-facing room depth (Dy) is compressed to 6.5-7.0 m to minimize indoor
heat loss in winter. Regarding the room width (W) design, the data reveal a “wide-
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north and narrow-south” distribution characteristic, where the north-facing width (Wy) is
significantly broadened to approximately 14 m.
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Figure 8. Design parameter distributions of the Pareto-optimal solutions: (a) depth and width ratios;

(b) WWR ratios; (c) north-facing window heights; (d) south-facing window heights; (e) north-facing

glazing types; (f) south-facing glazing types; (g) exterior wall heat transfer coefficients.

In terms of the overall configuration of the building envelope, the optimal solutions
also demonstrate a clear directional bias. According to the boxplot on the left side of
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Figure 8b, the mean value of the ratio of North-to-South facade window-to-wall ratios
(WWRN/WWRg) is 0.95, indicating that the center of gravity of the total fenestration area is
skewed toward the south. Regarding the thermal performance of the opaque envelope, the
wall heat transfer coefficients exhibit a strong insulation tendency with subtle directional
variations. As shown in Figure 8g, for the north-facing exterior wall—serving as the
winter heat dissipation surface—its heat transfer coefficient (Uy;) converges to 100% of the
optimal insulation limit of 0.3 W/ (m2.K) to maximally cut off winter heat loss. Meanwhile,
although 91.89% of the south-facing exterior wall heat transfer coefficients (Us) similarly
adopt 0.3 W/ (m?-K), 8.11% of the solutions are relaxed to 0.5 W/(m?2-K). This indicates
that, under the compensation of abundant solar radiation gains on the south side, the
system’s absolute reliance on the thermal insulation performance of south-facing solid
walls is slightly reduced.

(2) Vertical Differences: Refined Decoupling of Facade Interfaces

As shown in Figure 8b, the window-to-wall ratios of the upper and lower zones
on both north and south facades consistently exhibit an “upper-large and lower-small”
distribution, with their ratios (WWRN, Upper/ WWRN, Lower and WWRg ypper/ WWRs Lower)
concentrated between 1.07 and 1.25.

The values of window height (HW) also exhibit significant orientation and floor
differentiation. Comparing Figure 8c,d, the window heights in the middle and lower
zones of the south facade (HWs 1, HWg ) highly converge to full-scale large windows of
2.6 m, accounting for 81.08% and 100%, respectively. In contrast, the window heights in
the upper zone of the north facade (HWy i) are strictly restricted, with the vast majority
of non-dominated solutions converging to smaller values of 2.0 m (43.24%) and 2.2 m
(56.76%).

In terms of facade material configuration, the 37 solution sets exhibit a converging
trend in the selection of glass types (GTs). All north-facing facades and the low zone of
the south facade (GTs1,) 100% select Type 4 glass with the lowest heat transfer coefficient,
whereas the top-floor high zone of the south facade (GTgy;) 100% shifts to Type 3 glass
with a higher solar heat gain coefficient (SHGC).

3.2.3. Performance Analysis of the Pareto-Optimal Solution Set

To intuitively quantify the optimization efficacy of the three evaluation metrics, this
study employed a parallel coordinates plot (Figure 9) to compare the performance metrics
of the 37 Pareto non-dominated solutions with those of the benchmark physical model.

0.47
0.45
154
0.39
— 1)
14.6
13.5 0.30
CEI (kgCO2/m?) UDI
Max-sDA solution Max-UDI solution — Baseline model
Min-CEI solution — Overall optimal solution Other Pareto solutions

Figure 9. Comparison of simulated performance between the baseline model and Pareto-optimal solutions.
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The data comparison shows that, compared to the homogenized baseline model
(CEI = 16.705 kgCO,/ m2, sDA = 0.610, UDI = 0.386), the Pareto solution sets exhibit a
significant directional shift in the objective space. In the carbon emission dimension, the
CEI of all 37 solutions achieved a substantial downward shift (with values converging
between 13.545 and 15.408 kgCO,/m?, representing a maximum reduction of 18.9%).
In the daylighting environment dimension, sDA and UDI present a distinct topological
trade-off: some solutions guided by extreme heating load reduction successfully drove
CEI below 14.0 kgCO, /m?, but resulted in an irreversible attenuation of UDI (dropping
to a minimum of 0.301); whereas the core polyline group successfully pulled sDA up
to 0.68-0.71 and broadened UDI to 0.44-0.47 while maintaining CEI stable within the
range of 14.5-15.0 kgCO, /m?, thereby achieving collaborative optimization of thermal and
daylighting performance.

To intuitively quantify the optimization efficacy of the multi-objective evaluation
metrics and distill underlying design principles, this study extracted three sets of single-
objective extreme solutions and one comprehensive optimal solution from the Pareto front,
conducting a comparative analysis of these four typical solutions against the baseline
model. The spatial morphologies and thermal configuration parameters are detailed in
Table 8 and Figure 10.

Table 8. Design parameters and simulated performance of the baseline model and representative
Pareto-optimal solutions.

Baseline Model Minimum CEI Maximum sDA Maximum UDI Comprehensive
Solution Solution Solution Optimal Solution
Design Parameters
DN(m) 8 8.5 8.0 6.5 6.5
DS(m) 8 7.5 8.0 9.5 9.5
WN(m) 11.5 13.5 14.0 12.5 12.5
WS(m) 11.5 12.0 12.0 12.0 12.0
WWRNL 0.5 0.3 0.35 0.55 0.35
WWRNM 0.5 0.2 0.60 0.60 0.60
WWRNH 0.5 0.35 0.55 0.50 0.60
WWRSL 0.5 0.35 0.60 0.55 0.35
WWRSM 0.5 0.25 0.60 0.60 0.60
WWRSH 0.5 0.45 0.45 0.45 0.40
HWNL(m) 2.0 2.6 2.6 2.0 2.6
HWNM(m) 2.0 2.4 2.6 2.6 2.6
HWNH(m) 2.0 22 22 2.0 2.0
HWSL(m) 2.0 2.6 2.6 2.6 2.6
HWSM(m) 2.0 2.6 2.6 2.6 2.6
HWSH(m) 2.0 2.6 2.6 2.6 2.6
GTNL TypeO 4 4 4 4
GTNM TypeO 4 4 3 4
GTNH Type0 4 4 3 3
GTSL TypeO 4 4 4 4
GTSM TypeO 4 4 3 4
GTSH TypeO 3 3 3 3
UWnN(W/(m?2-K)) 0.4 0.3 0.3 0.3 0.3
UWs(W/(m?-K)) 0.4 0.3 0.3 0.5 0.3
Performance indicators
sDA 0.610 0.588 0.717 0.697 0.696
CEI (kgCO, /m?) 16.705 13.545 14.689 15.400 14.617
UDI 0.386 0.301 0.455 0.469 0.459
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Figure 10. Parameterized models of the 5 design configurations: (a) baseline model; (b) maximum sDA
solution; (c¢) minimum CEI solution; (d) maximum UDI solution; (e) comprehensive optimal solution.

Figure 10b represents the parameterized model for maximum sDA. In this scheme,
the north-facing width is broadened to 14.0 m to maximize the intake of diffuse sky light.
Simultaneously, the WWR in the middle and lower zones is enlarged to 0.60. To offset
the heat loss caused by large-area fenestration, Type 4 glass with optimal insulation is
mandatory for the entire building. This configuration boosts sDA to a peak of 0.717, while
maintaining CEI at 14.689 kgCO, /m?.

Figure 10c is the parameterized model for minimum CEIL This scheme presents a
“deep-north and shallow-south” (Dy 8.5 m, Dg 7.5 m) inverse pattern, which differs from
the main solution cluster. Furthermore, the window-to-wall ratio on all floors is compressed
to between 0.2 and 0.35. This geometric configuration minimizes the building’s overall
light-transmitting and heat-dissipating surface, reducing CEI to as low as 13.545 kgCO, /m?.
However, the trade-off is severely restricted natural light input, causing UDI to plummet
to 0.301.
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Figure 10d represents the parameterized model for maximum UDI. This scheme
exhibits a significant “deep-south and shallow-north” (Dg 9.5 m, Dy 6.5 m) asymmetric
pattern and reduces the south-facing near-window area significantly by narrowing the
south-facing width (Wg 12.0 m), effectively avoiding the spread of direct glare. This spatial
strategy drives the Useful Daylight Illuminance (UDI) to a peak value of 0.469.

Figure 10e is the comprehensive optimal parameterized model. This scheme exhibits
the heterogeneous design characteristics described above. The spatial layout adopts an
asymmetric partition with a 9.5 m-deep south side and 6.5 m-shallow north side. The
facade strictly implements an “upper-large and lower-small” fenestration gradient to
balance daylighting and thermal storage, while the south-facing high zone is precisely
decoupled and configured with Type 3 glass to capture solar radiation. While reducing
CEI by 12.5%, this solution simultaneously increases sDA and UDI by 14.1% and 18.9%,
respectively, achieving an optimal trade-off between the indoor daylighting environment
and carbon emission targets under cold climate constraints.

3.3. Prediction Model and SHAP Interpretability Analysis
3.3.1. Evaluation of Predictive Performance of Prediction Models

This study conducted performance evaluations on the prediction models for 24 design
parameters and 12 heterogeneity indicators, respectively, comprehensively comparing
the regression prediction performance of Extreme Gradient Boosting (XGBoost), Random
Forest (RF), Multi-Layer Perceptron (MLP), and the Stacking ensemble architecture.

(1) Performance Validation Based on 24 Original Design Parameters

Table 9 presents the generalization performance of each model on the independent test
set. Within the 24-dimensional high-dimensional original feature space, all four algorithms
possess excellent baseline fitting capabilities (global R? > 0.98). Among them, the Stacking
ensemble model demonstrates the optimal numerical fidelity by integrating the heteroge-
neous advantages of tree-based models and neural networks: its R? values for the three core
objectives—sDA, UDI, and CEI—reached 0.9941, 0.9957, and 0.9985, respectively, while
the Mean Absolute Percentage Error (MAPE) for each was strictly controlled below 0.54%,
significantly reducing the risk of overfitting inherent in single-algorithm approaches.

Table 9. Accuracy of ML predictions against simulated reference values using 24 original design

parameters.

Model Objective R? RMSE MAPE(%)

XGBoost sDA 0.9912 0.0036 0.41

UDI 0.9931 0.0039 0.81

CEI 0.9976 0.0450 0.10

Random Forest sDA 0.9907 0.0037 0.28

UDI 0.9950 0.0033 0.49

CEI 0.9946 0.0671 0.08

MLP sDA 0.9873 0.0043 0.44

UDI 0.9924 0.0041 0.78

CEI 0.9971 0.0493 0.10

Stacking model sDA 0.9941 0.0030 0.32

UDI 0.9957 0.0031 0.54

CEI 0.9985 0.0357 0.07

(2) Dimensionality Reduction Validation Based on 12 Heterogeneity Indicators

To further decouple the thermal-daylighting synergy mechanism from the perspec-
tive of spatial heterogeneity, this study comprehensively evaluated the generalization
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performance of each prediction model on the high-order feature dataset composed of
12 heterogeneity indicators (HIs) (Table 10).

Table 10. Accuracy of ML predictions against simulated reference values using 12 heterogeneity

indicators.

Model Objective R? RMSE MAPE(%)

XGBoost sDA 0.9463 0.0089 0.54

UDI 0.9522 0.0094 1.01

CEI 0.8980 0.2576 0.35

Random Forest sDA 0.8991 0.0123 1.14

UDI 0.9339 0.0110 1.77

CEI 0.8680 0.2931 0.59

MLP sDA 0.8759 0.0136 1.07

UDI 0.8884 0.0143 1.87

CEI 0.8510 0.3114 0.66

Stacking model sDA 0.9445 0.0091 0.75

UDI 0.9527 0.0093 1.12

CEI 0.9022 0.2523 0.42

The results show that when facing data dimensionality reduction and high-order
feature recombination, the prediction accuracy of single baseline models (such as RF
and MLP) experienced a certain degree of attenuation, whereas the Stacking ensemble
model still maintained excellent robustness. Its coefficients of determination (R?) for
predicting sSDA and UDI in the test set remained stable above 0.94, and the R? for CEI also
reached 0.9022.

The above comparison results indicate that the Stacking ensemble prediction model
can not only resolve basic physical boundaries with high precision, but also effectively
capture the correlations between heterogeneity indicators and comprehensive performance.
Therefore, this study ultimately selected this Stacking ensemble model to conduct the
subsequent SHAP interpretability analysis.

3.3.2. Global Contribution Analysis of Original Design Parameters

To further reveal the driving mechanisms of physical boundaries on the thermal-
daylighting performance of buildings, this study selected the design parameters ranked in
the top 10 by SHAP contribution to conduct a global attribution analysis (Figure 11).
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Figure 11. SHAP importance ranking of the top 10 original design parameters contributing to Stacking
model predictions: (a) sDA; (b) UDL (c) CEL
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Regarding the evaluation metrics of sSDA and UDI, planar dimensions and facade
fenestration areas exhibit a decisive influence, although the distribution of sensitivity
differs between the two. The driving factors of Useful Daylight Illuminance (UDI) are
highly concentrated, with the cumulative contribution of the north-facing middle-zone
window-to-wall ratio (WWRy M) and the south-facing middle-zone window-to-wall ratio
(WWRg 1) reaching as high as 82.03%. This indicates that strictly controlling the absolute
light-transmitting area of the primary north and south daylighting surfaces is the most
critical pathway to avoiding extreme indoor illuminance (glare or insufficient light) and
maintaining an effective illuminance range.

In contrast, the driving characteristics of spatial Daylight Autonomy (sDA) exhibit a
multi-factor synergistic trend. Although WWR v still ranks first with a weight of 42.62%,
the contributions of the north-facing width (Wy, 12.89%) and north-facing depth (D,
11.33%) increase significantly. This suggests that after satisfying basic natural daylighting,
the spatial topological ratio of the building floor plan (the geometric reconstruction of
width and depth) plays an important regulatory role in enhancing daylighting autonomy
in the deep interior zones of the building.

For the Carbon Emission Intensity (CEI) metric, the driving logic of the parameters
evolves from being purely geometrically dominated to a deep coupling of “geometry and
thermal performance.” While WWRy y and WWRg y still maintain significant weights
(totaling approximately 50%), the contribution of the thermal properties of the building
envelope increases substantially: south-facing glass properties (UGg \1), south-facing wall
heat transfer coefficient (UWs), north-facing glass properties (UGy um), and north-facing
wall heat transfer coefficient (UWy;) all rose to the top six.

Furthermore, the SHAP rankings for each performance metric generally exhibit signif-
icant north-south asymmetry (e.g., the regulatory weight of WWRy » on daylighting is far
higher than that of the same layer on the south side). Based on these findings, Section 3.3
will specifically explore the underlying mechanisms through which the 12 heterogeneity
indicators influence the three daylighting and thermal performance indicators.

3.3.3. SHAP Interpretability Results of Heterogeneity Indicators

Based on the Stacking ensemble prediction model constructed from the 12 HIs, this
study utilized SHAP global importance and beeswarm plots to quantitatively analyze
the nonlinear driving laws of horizontal (north-south differences) and vertical (facade
upper-lower zone gradients) heterogeneity on the core performance objectives.

Figure 12 indicates that horizontal heterogeneity indicators play a dominant role
in the driving mechanism of sDA. As shown in Figure 12a, the top four core parameters
(HWN/HWs, WWRN/WWRg, Dn/Ds, Wi /Ws) are all horizontal heterogeneity indicators,
with a cumulative contribution rate reaching 65.66%. Combined with the SHAP beeswarm
plot in Figure 12b, it can be seen that high feature values of the north-to-south width ratio
(Wn/Ws) are densely distributed in the positive SHAP interval, indicating that increasing
the proportion of north-facing width has a positive compensatory effect on the enhancement
of overall daylighting area. Meanwhile, high feature values of the window height ratio
between north- and south-facing rooms (HWy /HWs) are significantly distributed in the
negative SHAP interval, suggesting that blindly raising the north-facing window height
will instead inhibit overall daylighting performance.
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Figure 12. SHAP contributions of heterogeneity indicators to Stacking model predictions of sDA:
(a) global importance ranking; (b) SHAP beeswarm plot.

In the physical driving mechanism of Useful Daylight Illuminance (UDI), horizontal
heterogeneity parameters (especially the light-transmitting skin configuration across north
and south orientations) play a decisive and dominant role. As shown in Figure 13a, the
SHAP contribution of the north-to-south window-to-wall ratio (WWRy/WWRg) ranks
first (25.41%) and exhibits a significant positive gain on the target performance. In addition,
the heat transfer coefficient ratio of the upper and lower zones of glass on the north facade
(UGN, Upper/ UGN, Lower, 15.06%) also demonstrates a strong positive drive. This indicates
that appropriately increasing the proportion of fenestration area on the north side and
implementing differentiated material property configurations on the north facade in the
vertical direction are conducive to the improvement of Useful Daylight Illuminance.
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Figure 13. SHAP contributions of heterogeneity indicators to Stacking model predictions of UDI:
(a) global importance ranking; (b) SHAP beeswarm plot.

In stark contrast to the contributions of heterogeneity indicators to daylighting perfor-
mance, the physical response mechanism of operational carbon emission intensity (CEI)
relies more heavily on design variables in the vertical dimension. In the attribution results
of the carbon emission objectives (Figure 14), the influence weight of vertical heterogeneity
parameters increases remarkably, highlighting the critical role of thermal decoupling of
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the building envelope along the vertical height for energy consumption control in cold
regions. Specifically, the ratio of the glass heat transfer coefficient between the upper and
lower zones on the north side (UGN, upper/ UGN Lower) ranks first with a contribution rate
of 14.84% and exhibits a strong positive penalty effect—indicating that higher values of
this ratio are associated with positive SHAP contributions to predicted CEL. Meanwhile,
the second-ranked ratio of the glass heat transfer coefficient between the north and south
sides (UGN /UGsg, 14.02%) indicates that when the thermal insulation performance of the
north-facing transparent envelope is weaker than that of the south side, it will result in an
increase in the overall operational carbon emissions of the building.
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Figure 14. SHAP contributions of heterogeneity indicators to Stacking model predictions of CEI:
(a) global importance ranking; (b) SHAP beeswarm plot.

4. Discussion
4.1. Discussion of the Daylighting—Carbon Optimization Framework

Addressing the bottlenecks faced by existing building performance optimization
studies due to dimensional limitations and a lack of interpretability, this study pro-
poses and validates a “parameter decoupling—multi-objective optimization—ensemble
prediction—explainable attribution” synergistic optimization framework for daylighting
and carbon emissions.

First, at the parameter representation level, numerous recent studies focusing on the
multi-objective optimization of building daylighting and thermal performance have tended
to seek global optimal solutions under the “homogenization” assumption [51]. However, in
cold climates, blindly expanding global fenestration to meet the daylighting needs of deep
interior spaces will inevitably lead to uncontrolled overall heat loss during winter. This
framework decouples 24 fundamental geometric and thermal parameters and introduces
12 dimensionless Heterogeneity Indicators (HIs), describing the asymmetric features of
multi-story building spaces.

Second, regarding algorithmic robustness and computational efficiency, research by
Dinmohammadi et al. [52] indicates that single machine learning models are highly suscep-
tible to a degradation in generalization capability when dealing with high-dimensional,
non-linear, and complex building physical features. The Stacking ensemble model adopted
in this framework successfully integrates the heterogeneous advantages of multiple models.
On dual datasets encompassing original parameters and heterogeneity indicators, the core
predictive metric R? remains stable between 0.9022 and 0.9985. Compared to traditional
dynamic physical simulations, this surrogate model achieves a substantial leap in com-
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putational efficiency, providing robust computational support for the rapid deduction of
massive heterogeneous design schemes.

Finally, distinct from previous studies that rely on subjective experience or cluster
analysis to select optimal solutions, this study introduces a Comprehensive Performance
Index (CPI)—based on the positive and reverse normalization of indicators—to objectively
screen the Pareto optimal solution set. The results demonstrate that the comprehensive
optimal solution identified by this framework achieves improvements of 14.1% and 18.9%
in sDA and UD], respectively, compared to the homogenized baseline model, while simulta-
neously reducing the operational carbon emission intensity (CEI) by 12.5%. This effectively
confirms the validity of the heterogeneous design strategy for the synergistic optimization
of daylighting and thermal performance.

4.2. Extraction of Heterogeneous Design Strategies

Based on the optimization results, this study summarizes the following design strate-
gies for early-stage architectural design. The strategies and associated quantitative ranges
were obtained for multi-story, double-loaded corridor teaching buildings under Yantai’s
climatic conditions, using the simulation assumptions and predefined parameter bounds
specified in this study:

(1) Interms of spatial layout: Architects should break away from the traditional symmet-
rical double-loaded corridor layout and adopt an asymmetrical spatial partitioning
pattern characterized by a “deep-south and shallow-north” configuration. Specifically,
the south-facing classroom depth (Ds) can be expanded to 9.0-9.5 m to maximize
passive solar heat storage, while the north-facing auxiliary classroom depth (Dyy) can
be compressed to 6.5-7.0 m to minimize winter heat loss on the shaded side.

(2) Interms of facade fenestration strategy: Architects can abandon the globally uniform
window-to-wall ratio. Both north and south facades can follow a vertical fenestration
gradient of “larger upper and smaller lower” openings (the ratio of upper-to-lower
zone WWR is recommended to be controlled between 1.07 and 1.25). This strategy not
only effectively increases the daylight penetration of natural light in the upper zones
and improves the illuminance distribution in deep interior spaces, but also effectively
controls the conductive heat loss of the building envelope by reducing the transparent
surface area in the middle and lower zones.

(8) In terms of envelope material configuration: Architects can adopt differentiated enve-
lope configurations according to varying heights and floors. This study indicates that
the south-facing top-floor high zone can be equipped with a glazing type featuring
a higher solar heat gain coefficient (SHGC) to capture solar radiation, whereas the
remaining facades and lower zones should be configured with glazing types offer-
ing superior thermal insulation performance, thereby achieving a balance between
daylighting and thermal conservation.

4.3. SHAP-Based Interpretation of Heterogeneity Indicators

SHAP analysis was used to interpret the contributions of spatial and facade hetero-
geneity indicators to model predictions and identify associated performance trends.

In the horizontal dimension, higher north-to-south depth ratios (DN/DS) were asso-
ciated with negative SHAP contributions to predicted UDI, while higher north-to-south
width ratios (Wy/Ws) were associated with positive contributions to predicted sDA.

In the vertical dimension, higher upper-to-lower south-facing window-to-wall ratios
were associated with lower predicted CEI. The physical processes underlying this asso-
ciation require further verification through controlled simulations and component-level
energy analyses.
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4.4. Limitations and Future Prospects

Although the “daylighting-carbon” synergistic optimization framework proposed

in this study has verified its theoretical feasibility and performance optimization efficacy

in cold climate regions, certain limitations remain that require further exploration in

future research:

@

@

®)

(4)

®)

(6)

@)

Climate Applicability Limitations. The heterogeneity strategies obtained in this
study, such as “deep south and shallow north” for classroom depth and “upper-large
and lower-small” for the window-to-wall ratio, are based on heating-dominated
cold climate regions and exhibit strong regionality. Future work will extend this to
different climate zones, such as hot summer and warm winter regions, to investigate
the evolutionary laws and cross-climate adaptation mechanisms of heterogeneous
design prototypes.

Lack of Spatial Standardization Constraints. Extreme performance-oriented asymmet-
ric spatial morphologies (such as “wide north and narrow south”) may increase the
difficulty of grid layout selection and prefabricated construction. Future optimiza-
tion frameworks plan to incorporate standardized architectural modules as penalty
constraints into the solution space to enhance the constructability of heterogeneous
designs in engineering practice.

Expansion of Indoor Thermal Comfort Evaluation Dimensions. The current multi-
objective optimization primarily focuses on daylight-carbon metrics and has not
yet incorporated occupants’ thermal perception into the evaluation system. Future
research intends to couple dynamic thermal comfort models to construct a multi-
dimensional optimization framework encompassing “daylighting, carbon emissions,
and thermal comfort,” thereby achieving a comprehensive synergy between indoor
environmental quality and low-carbon targets.

Optimization Algorithm Comparison. This study employed NSGA-II to explore het-
erogeneous design solutions, while comparisons with other optimization algorithms
remain to be undertaken. Future research will evaluate alternative algorithms un-
der consistent design constraints and computational budgets to further examine the
stability of the identified design strategies and opportunities for improving search effi-
ciency. Given the computational demands of repeated simulation-based optimization,
consistency across independent runs remains a topic for further investigation. Future
work will repeat the optimization with different random seeds and quantify variations
in objective values and design parameter ranges to further assess the stability of the
identified solutions.

Scope of Experimental Validation. Field validation was based on one overcast day
under unoccupied conditions with artificial lighting and HVAC systems switched
off. These measurements supported assessment of the model under the monitored
conditions, while annual performance under occupied and conditioned operation
remains to be validated. Future research will combine multi-season measurements
with operational energy monitoring to further assess heating, cooling, and annual
daylighting predictions.

Integration of Daylighting and Lighting Control. This study focuses on early-stage
design alternatives, with CEI limited to heating- and cooling-related emissions. Future
research will incorporate daylight-responsive lighting controls and include lighting
electricity in carbon accounting, considering the effects of lighting-related internal
heat gains on heating and cooling demand. This will support further assessment of
the combined benefits of passive design and building system controls.

Predictive Generalization. Optimization-generated samples may contain similar
configurations across randomly divided subsets, potentially leading to optimistic
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accuracy estimates. The reported performance therefore primarily reflects predic-
tion within the sampled design distribution. Future work will use similarity-based
grouped splits and independent samples to further assess generalization.

5. Conclusions

To address the performance imbalance caused by the heavy reliance on “homogeniza-
tion” assumptions in conventional designs of educational buildings in cold regions, this
study proposes an integrated design framework that deeply integrates the decoupling of
horizontal and vertical heterogeneity parameters, NSGA-II multi-objective evolutionary
optimization, and data-driven interpretable analysis. Through the synergistic optimization
and mechanistic analysis of spatial Daylight Autonomy (sDA), Useful Daylight Illuminance
(UDI), and operational Carbon Emission Intensity (CEI), the following main conclusions
are drawn:

(1) The optimization identified 37 Pareto-optimal solutions. Compared with the
baseline model, the comprehensive optimal solution reduced CEI from 16.705 to
14.617 kg CO,/m?, while increasing sDA from 0.610 to 0.696 and UDI from 0.386 to
0.459, corresponding to improvements of 12.50%, 14.10%, and 18.91%, respectively.
This solution adopted south- and north-facing classroom depths of 9.5 m and 6.5 m, re-
spectively, illustrating an asymmetric spatial configuration associated with improved
daylighting and carbon performance under the investigated conditions.

(2) The Stacking model was evaluated using both the original design parameters and
the heterogeneity indicators. The maximum R? values for sDA, UDI, and CEI were
0.9941, 0.9957, and 0.9985, respectively. These results support its use for predicting
performance within the sampled design distribution.

(3) SHAP analysis identifies the main contributors to model predictions. The north- and
south-facing middle-zone window-to-wall ratios jointly account for 82.03% of the
relative SHAP importance for UDI Higher north-to-south depth ratios are associated
with lower predicted UDI, while higher upper-to-lower south-facing window-to-wall
ratios are associated with lower predicted CEI.

In summary, this study breaks through the inherent limitations of traditional sym-
metric space designs, providing not only actionable and quantifiable design guidelines for
the passive low-carbon design of educational buildings in cold climate regions, but also
solid theoretical and methodological support for high-dimensional asymmetric parameter
optimization and interpretable performance evaluation under complex climate constraints.
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Abbreviations
The following abbreviations are used in this manuscript:

Symbol/Abbreviation  Description

CEI Carbon Emission Intensity (kgCO,/m?)
D Depth of room (m)
EUI Energy Use Intensity (kWh/ m?)
GT Glass Type
Hils Heterogeneity indicators
HW Height of window (m)
LightGBM Light Gradient Boosting Machine
ML Machine Learning
MLP Multilayer Perceptron
NSGA-II Non-dominated Sorting Genetic Algorithm II
RF Random Forest
sDA Spatial Daylight Autonomy
SHGC Solar heat gain coefficient
SVM Support Vector Machine
T Visible transmittance
U Thermal transmittance (W /(m?2-K))
UDI Useful Daylight Illuminance
w Width of room (m)
WWR Window-to-wall ratio
XGBoost Extreme Gradient Boosting
Subscripts
Subscript Description
H High zone of the facade (5th floor)
L Low zone of the facade (1st floor)
Lower Lower half of the building
M Middle zone of the facade (2nd-4th floors)
N North orientation
S South orientation
Upper Upper half of the building
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