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A B S T R A C T

This study proposes a high-degree-of-freedom photovoltaic shading device (PVSD) with 255 distinct configu
rations through combined vertical translation and single-axis rotation. Machine learning models trained on 
computational simulations achieve R² of 0.984 and RMSE of 0.039 for spatial daylight metrics, reducing 
computation time significantly. This enables real-time reactive optimal control integrating particle swarm 
optimization to balance indoor illuminance, glare protection, visual connectivity, and photovoltaic generation. 
Performance evaluation in a Shenzhen office demonstrated substantial improvements: spatial Useful Daylight 
Illuminance increased from 23% to 79%; near-complete glare protection achieved with spatial Daylight Glare 
Probability of 0.95; net energy consumption reduced by 52%; and annual electricity generation reached 850 
kWh. The integrated optimization strategy maintained 92% of maximum photovoltaic generation (under energy 
production priority strategy) while delivering superior daylight quality. These results demonstrate that high- 
degree-of-freedom PVSDs with intelligent data-driven control can transform building facades into adaptive 
energy-generating systems, offering a practical pathway toward net-zero energy buildings.

1. Introduction

Buildings account for approximately 30% of global energy con
sumption and 28% of CO2 emissions [1], making building energy effi
ciency crucial for achieving carbon neutrality targets. As urbanization 
accelerates and the global population increasingly shifts to cities, the 
energy demand from buildings is of great concern in the future unless 
significant interventions like building energy retrofit are implemented 
[2]. This escalating energy consumption, coupled with the urgent need 
to mitigate climate change and urban climate challenges, has placed 
building energy efficiency at the forefront of sustainable development 
strategies.

The building envelope, particularly glazed surfaces, plays a critical 
role in energy performance. While windows provide natural daylight 
and psychological benefits, they also represent over half of total energy 
losses in conventional buildings [3]. Climate change may further 

complicate the challenge of building envelope design. Rising global 
temperatures, increased frequency of extreme weather events, and 
shifting seasonal patterns demand adaptive solutions that can respond to 
varying and unpredictable environmental conditions [4]. This context 
has catalyzed the development of adaptive building envelopes that can 
modulate their properties in response to changing environmental con
ditions and occupancy needs [5].

The shading devices in buildings can improve indoor visual comfort 
by controlling direct light. Appropriate indoor illuminance, glare con
trol, and views are highly correlated with visual satisfaction [6] and 
comfort [7], mental health [8], and job satisfaction [9]. Meanwhile, 
windows are responsible for over 40% of heat gain or loss in buildings, 
with approximately 82% of solar radiation transmitted through trans
parent glass [10]. Therefore, shading devices play a crucial role in 
building energy efficiency [11,12]. Traditional fixed shading creates 
trade-offs between thermal and visual comfort. Insufficient shading 
causes glare and cooling loads, while excessive shading increases 
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artificial lighting demand. This challenge has driven development of 
adaptive shading systems that respond dynamically to environmental 
conditions [13]. Photovoltaic shading devices (PVSDs) represent a 
promising solution combining solar control and energy generation [14]. 
By integrating photovoltaic modules into shading systems, PVSDs 
reduce cooling demand while generating electricity, enhancing building 
energy self-sufficiency [14]. This dual functionality addresses both en
ergy demand reduction and on-site renewable generation, potentially 
achieving net-zero energy performance.

However, PVSD integration introduces optimization challenges. 
Maximizing power generation often conflicts with optimal daylighting, 
as photovoltaic panels perform best perpendicular to solar radiation, 
which may not provide ideal interior conditions. The dynamic nature of 
solar geometry necessitates sophisticated control strategies balancing 
multiple objectives in real-time. Recent advances in smart building 
technologies and machine learning offer new opportunities for PVSD 
control [15]. Data-driven models can predict optimal configurations 
based on environmental conditions and occupancy patterns, enabling 
proactive rather than reactive control strategies [16]. Despite these 
possibilities, challenges remain in computational complexity, predictive 
accuracy, and multi-objective integration.

This study addresses these challenges by proposing a novel high- 
degree-of-freedom PVSD system with reactive optimal control based 
on machine learning. The system enables precise adjustment through 
vertical positioning and angular rotation, offering unprecedented flexi
bility in balancing daylighting quality, glare control, visual connectivity, 
and photovoltaic generation. The integration of data-driven predictive 
models with multi-objective optimization represents a significant 
advancement in adaptive building envelope technologies.

2. Literature review

Recent studies have demonstrated the feasibility of various PVSD 
designs, including fixed, adjustable, and adaptive types. These devices 
can effectively balance indoor lighting quality and shading efficiency 
[17]. However, the performance of PVSDs greatly depends on their ge
ometry, control logic, and adaptability to environmental changes [18].

2.1. Review of PVSD research development

To systematically evaluate the state of the art in PVSD research and 
identify critical gaps, we conducted a comprehensive review of repre
sentative studies in recent years. Table 1 summarizes key characteristics 
of these studies including location, PVSD form, photovoltaic material, 
optimization objectives, and simulation tools employed. The chrono
logical progression of research reveals important trends in the field's 

evolution.
Early PVSD research from 2014 to 2016 primarily focused on eval

uating fixed shading configurations with limited geometric flexibility. 
Mandalaki et al. [19] evaluated thirteen types of fixed external shading 
forms in Greece using polycrystalline modules, examining energy con
sumption, daylight autonomy (DA), useful daylight illuminance (UDI), 
and daylight glare index (DGI) through Ecotect and Daysim simulations. 
Similarly, Bahr [20] studied external horizontal louvers in Abu Dhabi 
using both crystalline and amorphous silicon, focusing on cooling load 
reduction, power generation, and economic performance. These early 
studies established the fundamental trade-offs between energy genera
tion and thermal/visual comfort but were constrained by static geom
etries that could not adapt to varying solar conditions throughout the 
day or across seasons. Table 1 shows that studies from this period 
[19–26] predominantly used fixed configurations, with only Saranti 
et al. [22] introducing removable vertical panels that could be manually 
adjusted.

The period from 2017 to 2019 marked a transition toward greater 
geometric flexibility and computational sophistication. Jayathissa et al. 
[36,38] pioneered adaptive BIPV shading systems with diamond-shaped 
patterns, demonstrating that movable configurations could achieve 
20–80% net energy savings compared to static shading depending on 
HVAC system efficiency. This work employed advanced simulation 
frameworks including Rhino, Grasshopper, Ladybug, Radiance, and 
Python, enabling parametric exploration of design space. This compu
tational advancement enabled researchers to evaluate hundreds of 
configurations systematically rather than evaluating a handful of pre
determined designs. Luo et al. [35,39,51] conducted experimental 
research on photovoltaic louvers integrated into double-skin facades 
using amorphous silicon (a-Si), demonstrating the desirability of adap
tive control strategies through measured thermal and electrical perfor
mance data. However, Table 1 reveals that even during this transitional 
period [33–40], few studies implemented truly dynamic control systems 
with real-time optimization capabilities.

Recent research from 2020 to 2023 has increasingly emphasized 
optimization methods and control strategies. Liu et al. [46] proposed a 
PVSD design method integrating geometric optimization with an adap
tive control model (ACM) for an office building in Guangzhou, achieving 
48.7% reduction in cooling and lighting demands, 1034.4 kWh annual 
electricity generation, and 71.6% improvement in UDI. This study 
employed Python and EnergyPlus for integrated simulation, represent
ing a shift toward computational optimization frameworks. Ma et al. 
[47] analyzed external inclined unidirectional louvers using Ladybug 
and Honeybee, focusing on indoor light environment and energy con
sumption optimization. Ding et al. [52] developed a multi-system 
collaborative control framework called OCTOPUS based on deep 

Nomenclature

BIPV Building-Integrated Photovoltaics
CIGS Copper Indium Gallium Selenide
DA Daylight Autonomy
DGI Daylight Glare Index
DGP Daylight Glare Probability
DHI Diffuse Horizontal Irradiance
DNI Direct Normal Irradiance
DOF Degrees of Freedom
HVAC Heating, Ventilation, and Air Conditioning
ML Machine Learning
OF Openness Factor
PSO Particle Swarm Optimization
PV Photovoltaic
PVG Photovoltaic Generation

PVSD Photovoltaic Shading Device
RBC Rule-Based Control
ROC Reactive Optimal Control
RMSE Root Mean Square Error
R² Coefficient of Determination
SBC Sensor-Based Control
sDGP Spatial Daylight Glare Probability
SDM Single-Diode Model
sUDI Spatial Useful Daylight Illuminance
TMY Typical Meteorological Year
UDI Useful Daylight Illuminance
A Shading angle
P Shading position
w₁, w₂, w₃, w₄ Optimization weights
S1 First-order Sobol index
ST Total-order Sobol index
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Table 1 
PVSD Related Research Review.

Author Year Place Form Material Optimization Objective Simulation tools

1 Mandalaki et al. 
[19]

2014 Greece-Chania Thirteen types of fixed 
external shading forms

Polycrystalline Energy Consumption, DA, UDI, 
DGI

Ecotect, Daysim

2 Bahr [20] 2014 United Arab 
Emirates-Abu 
Dhabi

External horizontal 
louvers

Crystalline, amorphous Cooling load, power generation, 
economy

Ecotect

3 Mandalaki et al. 
[21]

2014 Greece-Athens, 
Hania

Thirteen types of fixed 
external shading forms

crystalline silicon PV efficiency EnergyPlus, Ecotect

4 Saranti et al. 
[22]

2015 Greece-Crete 
Island

Removable vertical panel — Electricity generation, light 
comfort

—

5 Pushkar [23] 2016 Israel Empty square — Environmental damage during 
the production and construction 
process, reduction of energy 
consumption in building 
operation

—

6 Hofer et al. [24] 2016 Switzerland- 
Zurich

External horizontal 
louvers, external vertical 
louvers, and diamond- 
shaped sunshades

Monolithic thin film power generation Rhinoceros, 
Grasshopper

7 Nagy et al. [25] 2016 Switzerland- 
Zurich

Rhombus-shaped 
sunshade panel

Monolithic thin film Energy conservation, power 
generation capacity

Rhinoceros, 
Grasshopper

8 Stamatakis 
et al. [26]

2016 Greece-Hania on 
the island of Crete

Thirteen different types 
of fixed sunshades

Monocrystalline Energy production, energy 
optimization, comfort level

Visual Promethee

9 Chantawong 
[27]

2017 Bangkok-Thailand The horizontal louvers 
between the two layers of 
the skin

Polycrystalline silicon Electricity generation, indoor 
temperature, ventilation rate

—

10 Taveres-Cachat 
et al. [28]

2017 Norway- 
Trondheim

External horizontal 
louvers

— power generation, UDI —

11 Li et al. [29] 2017 China-Harbin, 
Beijing, Changsha, 
Kunming, 
Guangzhou

Inclined one-way slab Crystalline Silicon Electricity generation, net 
energy consumption

EnergyPlus

12 Jeong et al. 
[30]

2017 Korea Inclined one-way slab a-Si, CIGS Electricity generation capacity, 
environmental conditions 
(indoor temperature, humidity)

LabVIEW

13 Abdullah and 
Alibaba [31]

2017 Iraq-Erbil Rhombus-shaped 
sunshade panel

Monocrystalline silicon PV generation efficiency, energy 
consumption requirements

OpenStudio, 
EnergyPlus, 
Grasshopper & 
Ladybug

14 Hu et al. [32] 2017 China-Hefei horizontal louvers in the 
two layers of the outer 
skin

Multi-crystalline silicon (c-Si) PV generation, Cooling & 
Heating Load

Matlab, EnergyPlus

15 T. Hong et al. 
[33]

2017 Korea-Pusan horizontal louvers in the 
two layers of the outer 
skin

CIGS PV generation, AEG unit, 
NPV25, SIR 25

Ecotect

16 Koo et al. [34] 2017 Korea horizontal louvers in the 
two layers of the outer 
skin

CIGS Energy performance (power 
generation, energy self- 
sufficiency rate), economy 
(NPV25, SIR25)

RET Screen

17 Luo et al. [35] 2017 China-Changsha horizontal louvers in the 
two layers of the outer 
skin

a-Si Cooling & Heating load —

18 Jayathissa et al. 
[36]

2017 Switzerland- 
Zurich

Rhombus pattern Monolithic thin film Power generation, energy 
consumption demand

City Energy Analyst 
(CEA)Toolbox

19 Zhang et al. 
[37]

2017 China-Hong Kong, 
Tung Chung

Inclined one-way plate poly-Si Power generation, energy 
consumption demand

EnergyPlus

20 Jayathissa et al. 
[38]

2017 Switzerland- 
Zurich

Rhombus pattern Thin-film 
copper–indium–gallium- 
selenide

Power generation, energy 
consumption demand

Rhino, Grasshopper, 
Ladybug, Radiance, 
Python

21 Luo et al. [39] 2018 China-Changsha The inclined louvers 
between the double 
epidermis

a-Si Thermal performance, electrical 
performance

Experimental 
measurement

22 Taveres-Cachat 
et al. [40]

2019 Norway-Oslo External inclined 
unidirectional louvers

CIGS Indoor light environment (cDA), 
energy consumption demand, 
power generation

Ladybug, Honeybee, 
EnergyPlus, Octopus

23 Fouad et al. 
[41]

2019 Egypt External inclined one- 
way plate

Solarex MSX-240 PV panel Power generation, energy 
demand

SketchUp, 
EnergyPlus

24 Ogbeba and 
Hoskara [42]

2019 North Cyprus- 
Famagusta

External horizontal 
overhang plate

Single crystal silicon Power generation, energy 
demand, indoor light 
environment

DesignBuilder, 
EnergyPlus

25 Skandalos et al. 
[43]

2019 Czech Republic- 
Prague

External horizontal 
overhang plate

Polysilicon Power generation, energy 
consumption demand (cooling, 
heating, lighting), indoor light 
environment

TRNSYS, Ecotect, 
Daysim

(continued on next page)
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reinforcement learning (DRL), enabling joint optimization of HVAC, 
lighting, blinds, and windows with a novel reward function balancing 
energy use and occupant comfort. However, Table 1 does not include 
this study as it focused on general blind control rather than 
PVSD-specific applications. When it comes to the most recent studies 
from 2024–2025, it shows emerging progress in addressing these limi
tations. Zheng et al. [12] proposed a multi-layered adjustable 
semi-shading system for subtropical climates, achieving 49–53% 
reduction in glare probability through year-round simulation-based 
optimization. Zhao and Gou [49] advanced semi-transparent BIPV 
window design using K-means clustering to balance energy harvesting, 
daylight sufficiency, and glare control, achieving a 15.63% increase in 
annual illuminance. Roshan Kharrat et al. [50] demonstrated that 
geometrically complex adaptive designs could achieve 485 kWh higher 
energy production while maintaining optimal daylight factors 
(2.1–2.9%) and 94% visual comfort compliance. Ito and Lee [48] 
employed NSGA-II genetic algorithms to optimize curved louver ge
ometry with flexible solar panels, demonstrating that designs priori
tizing solar irradiation maximization yield the lowest operational energy 
consumption.

Recent studies have further advanced multi-objective optimization 
approaches for shading systems. Baghoolizadeh et al. employed NSGA-II 
for optimizing Venetian blinds in office buildings to balance electricity 
consumption with visual and thermal comfort using JEPLUS tool with 21 
involved design variables [53]. Chen et al. provided a comprehensive 
review of BIPV system integration challenges and opportunities recently 
concluding that the tilt angle of PV shading, window to wall ratio, 
transmittance, and orientation are leading parameters that determines 
BIPV system performance [54]. Research optimized residential PV 
shadings for optimal electricity consumption and production and found 
that a 20-degree tilt angle is the best choice for PV shading in Tehran, 
Iran to reduce annual electricity consumption for their case study 
building [55]. Researchers also examined photovoltaic shading opti
mization across European climates considering energy cost implications, 
revealing 17% to 34% building electricity consumption cost can be 
saved on the annual bill [56]. Miraba et al. developed adaptive BIPV 
shading optimization addressing electricity generation alongside sDA 

and DGP metrics using multi-objective algorithms and found adaptive 
BIPV can boost annual PV power generation by up to 200% [57]. Zhang 
et al. investigated vertical and horizontal solar shading optimization in 
residential buildings by including 9 design variables for power output 
maximization while reducing electricity usage [58]. Despite these ad
vances, the fundamental challenge of achieving high-degree-of-freedom 
systems with thousands of possible configurations for true 
multi-objective optimization remains unresolved.

2.2. Research gaps and motivation of this study

Analysis of the thirty-four studies in Table 1 reveals four critical 
limitations that constrain current PVSD technology and impede progress 
toward truly adaptive, high-performance systems. First, limited degrees of 
freedom. Table 1 demonstrates that approximately 70% of studies 
employed fixed configurations with zero degrees of freedom. Of the 
remaining dynamic systems, only three [22,44,46] achieved more than 
simple binary states. Even advanced movable systems offer limited 
configuration options: Jayathissa et al.’s diamond-shaped panels [36] 
provided approximately 10–20 discrete positions through facade 
tracking, Akbari Paydar’s movable folding plates [44] offered binary 
deployment states, and Zheng et al. [12] investigated 12 configurations 
with varying slat numbers and rotation angles. No existing study dem
onstrates a PVSD system with greater than one hundred configurations, 
let alone the thousands needed for true multi-objective optimization 
across daily and seasonal variations. Critically, no study combines both 
vertical translation and rotation to achieve the geometric flexibility 
required for comprehensive optimization across 8760 annual operating 
hours.

Second, lack of real-time intelligent control. While several studies 
mention “adaptive” control [41,44,46], the simulation tools column 
reveals that implementations rely on predetermined schedules or simple 
sensor thresholds rather than real-time optimization. Liu et al. [46] 
employed Python and EnergyPlus but computed optimal configurations 
offline for typical conditions rather than responding to actual real-time 
weather. Existing research rarely demonstrates real-time optimization 
based on predictive models that can anticipate and respond to changing 

Table 1 (continued )

Author Year Place Form Material Optimization Objective Simulation tools

26 Akbari Paydar 
[44]

2020 Rajasthan-Pilani Movable and fixed 
external folding plate

— Building heating load, power 
generation

EnergyPlus, Matlab

27 Mesloub et al. 
[18]

2021 Saudi Arabia-Ha'il Five fixed external 
shading forms

Amorphous silicon, crystalline 
silicon

Power generation, energy 
performance, indoor light 
environment

EnergyPlus, 
OpenStudio, DIVA

28 Skandalos and 
Karamanis [45]

2021 Czech Republic- 
Prague, Greece,- 
Athens

Three external fixed 
shading forms

Amorphous silicon, crystalline 
silicon

Power generation, visual 
comfort, thermal comfort, 
energy performance, flexibility 
index

TRNSYS

29 Liu et al. [46] 2023 China-Guangzhou External rotating louvers Crystalline Silicon Power generation, energy 
consumption demand, indoor 
light environment (UDI)

Python, EnergyPlus

30 Ma et al. [47] 2023 China-Qingdao External inclined 
unidirectional louvers

— Indoor light environment, 
energy consumption 
requirements

Ladybug, Honeybee

31 Ito and Lee [48] 2024 Japan-Nagoya Curved louvers with 
flexible solar panels

Flexible solar panels Panel surface solar irradiation 
(IPV), continuous daylight 
autonomy (cDA), visibility 
percentage (VP)

Ladybug, Honeybee

32 Zheng et al. 
[12]

2025 China-Shenzhen Multiple layered 
adjustable semi-shading 
system (2–5 slats)

— Spatial Useful Daylight 
Illuminance (sUDI), Spatial 
Daylight Glare Probability 
(sDGP), Total Energy 
Consumption (TEC)

Ladybug, 
ClimateStudio, 
Honeybee

33 Zhao and Gou 
[49]

2025 China-Wuhan Semi-transparent BIPV 
windows

— Energy efficiency, daylight 
quantity, glare control, 
photovoltaic efficiency

Ladybug, Honeybee

34 Roshan Kharrat 
et al. [50]

2025 Italy-Turin Dynamic and Adaptive 
Photovoltaic Shading 
Systems (6 designs)

Monocrystalline, 
Polycrystalline, Thin film, 
Amorphous, Concentrated PV

Energy production, thermal 
comfort, daylight, glare control

Ladybug, 
ClimateStudio
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conditions while balancing multiple objectives dynamically within 
computational time constraints suitable for hourly building control 
updates. The simulation tools column shows that while recent studies 
[46,47] increasingly employ Python suggesting programmatic control 
potential, few integrate machine learning surrogate models with global 
optimization algorithms necessary for real-time multi-objective control.

Third, insufficient integration of multi-objective optimization. The opti
mization objectives column reveals that studies typically prioritize 
either energy generation [20,21,25,29–32,37,41,44,46] or visual com
fort [18,19,27,39,45,47], rarely achieving optimal balance among illu
minance quality, glare protection, view preservation, and power 
generation simultaneously. Most studies focus primarily on energy 
consumption or power generation with daylight metrics (DA, UDI) 
evaluated separately rather than optimized concurrently. The few 
studies attempting multi-objective optimization [36,38,44] use simpli
fied weighting schemes without user-adaptive capabilities or quantita
tive validation of Pareto-optimality. The complete absence of view 
quality (openness factor or similar metrics) as an explicit optimization 
objective in Table 1 represents a significant oversight given its impor
tance for occupant satisfaction, productivity, and wellbeing, with only 
qualitative mentions of “visual comfort” appearing sporadically.

Last but not least, limited validation of machine learning applications. 
Despite the potential of data-driven approaches increasingly recognized 
in recent building science literature, Table 1 shows that only the most 
recent studies employed Python suggesting computational sophisticat
ion, yet few documented comprehensive development, validation, and 
implementation of machine learning models specifically for predicting 

PVSD performance metrics (sUDI, sDGP) in real-time control applica
tions. The simulation tools column reveals continued reliance on time- 
intensive physics-based simulation such as EnergyPlus, TRNSYS, Radi
ance, or Daysim without surrogate modeling approaches that could 
enable the rapid performance prediction necessary for real-time 
optimization.

To address these identified limitations, this study proposes a novel 
high-degree-of-freedom PVSD that enables over 2000 adjustable con
figurations via combined louver translation and rotation. A data-driven 
prediction model is developed to evaluate indoor daylight metrics with 
millisecond-level inference suitable for real-time control, and a reactive 
optimal control (ROC) method is implemented to achieve true real-time 
multi-objective optimization. The system is validated under Shenzhen’s 
climate in a general office space and evaluated for its effectiveness in 
improving lighting quality, glare protection, view openness, and energy 
performance, addressing all four critical gaps identified in the literature.

3. Methodology

3.1. Design of a high-degree-of-freedom PVSD system

This study proposes a PVSD, as shown in Fig. 1a, which is an 
improved version of the traditional Venetian louver shading form, while 
Fig. 1b shows the available movement and adjustment possibilities of 
the proposed PVSD system. The system can achieve high-degree-of- 
freedom shading control through the constrained movement of up and 
down folding and single-axis rotation, thereby achieving a balance 

Fig. 1. The proposed PVSD system in this study.
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between various light comfort and energy consumption indicators, and 
switching between multiple targets. This PVSD is composed of two side 
slide rails, aluminum support components, and photovoltaic films. The 
two side slide rails are equipped with built-in rotating shafts to achieve 
the rotation and folding control of the PVSD.

Aluminum support components are chosen because of their excellent 
electrical conductivity and low density, which can reduce the energy 
consumption required for deformation, lower the loss during energy 
transmission and help dissipate heat for photovoltaic films. Photovoltaic 
films are chosen because of their lower cost, increasingly improved 
power generation efficiency, and lower density, which can effectively 
reduce equipment wear caused by deformation. The sunshade blades 
adopt a combination of double-sided guide rail sliding and single-axis 
rotation of the rotating shaft. They can move up and down in the 
guide rail and achieve rotational adjustment with the help of the 
rotating shafts on both sides, thereby meeting the light requirements of 
different angles and heights. This design enables the shading device to 
be applicable to various window types. Through an integrated circuit 
control system, photovoltaic power generation and energy storage 
modules, it realizes intelligent shading adjustment, self-supply of energy 
and energy storage management.

As shown in Fig. 1b, the high degrees of freedom are defined as up 
and down folding (±0.14 m, 29 degrees of freedom) and single-axis 
rotation (10-degree step changes ranging from 0◦ to 90◦ results in 10 
degrees of freedom). Through collision exclusion calculations that 
eliminate physically impossible position-angle combinations where 
louvers would intersect (35 cases), 255 effective configurations were 
identified. This represents a substantial increase over conventional 
systems offering fewer than 10 discrete states, enabling more detailed 
and accurate natural light control to meet the demands for indoor nat
ural light, field of vision and photovoltaic power generation in more 
scenarios.

According to the latest technical parameters of CIGS films [33], the 
technical data of photovoltaic modules used in this study are shown in 
Table 2. Through the series connection of the same layer of photovoltaic 
films and the parallel connection between the upper and lower layers, 
photovoltaic louvers of varied sizes are achieved. Based on the basic 
module (0.03 m) of traditional Windows, in this study, the photovoltaic 
louvers are set at 0.15 m, with the width being consistent with that of the 
window to achieve complete shading of the window, thereby realizing 
usage scenarios such as privacy protection that require full shading.

3.2. Typical individual office space

Archetype models for typical building space are frequently used in 
research to demonstrate the effect of emerging technology on building 
energy performance [59,60]. In this research, taking the general office 
space in Shenzhen as an archetype, the general office space here refers to 
the space that may be used for various production activities such as 

office work, rest, and negotiation, or certain "multi-functional Spaces". 
The usage scenarios of this type of space are diverse, without clear and 
fixed functions, and it attaches significant importance to the creation of 
the overall environment of space. This kind of space is increasingly 
appearing in office buildings [61].

The typical space applied in the research is shown in Fig. 2, with a 
height of 3.7 m, a width of 4 m and a depth of 5.5 m The detailed 
building simulation parameters including envelope thermal properties, 
HVAC system specifications, internal load assumptions, and surface 
reflectance is detailed in Appendix I. Located on the middle floor of the 
office building, one side is an exterior wall with Windows that are 2.1 m 
wide and 2.4 m high. The Ideal Loads Air System provided by Ener
gyPlus was adopted in the experiment, that is, it was assumed that other 
hot zones had the same air temperature. Therefore, other surfaces of this 
space were set as insulation surfaces. This simplified boundary condition 
approach was deliberately selected to isolate the thermal effects of the 
PVSD system on the south-facing facade without confounding factors 
from adjacent zone interactions, following archetype modeling practices 
commonly employed in proof-of-concept studies evaluating emerging 
facade technologies [12,46,62]. While this assumption may affect ab
solute thermal load magnitudes, it preserves the validity of comparative 
assessments between different shading control strategies, which is the 
primary objective of this research.

The experimental site was set up in Shenzhen, China. Shenzhen is 
located in the south of China (about 22.5◦N) and has a subtropical 
monsoon climate. It is warm and humid in summer, often accompanied 
by strong sunlight. This climatic condition requires that buildings in 
Shenzhen effectively reduce the heat accumulation caused by solar ra
diation, avoid excessively high indoor temperatures, and ensure the 
comfort of the living and working environment. The average annual 
temperature in Shenzhen is 22.9 ◦C. The demand for cooling energy is 
high in summer and there is no demand for heating energy in winter. 
The demand for shading is high in summer. The maximum and mini
mum solar altitude angles throughout the year are 85.05◦ and 0.02◦, 
respectively. The weather data applied in the simulation and model 
training in this study were all derived from the typical meteorological 
Year (TMY) data.

3.3. Optimization objective

In this study, the optimization objectives used for balance include 
indoor lighting environment (surface illuminance and glare protection), 
field of view, and photovoltaic power generation. Through the alloca
tion of weights for different optimization objectives, it can adapt to 
various space usage scenarios.

3.3.1. Spatial useful daylight illuminance(sUDI)
At present, UDI is widely used in the assessment of spatial illumi

nance. Its meaning is the percentage of the illuminance level at a certain 
point indoors within a specific range within a certain period of time 
[63]. This range is usually defined as a light level that is neither too 
bright nor too dark, that is, the proportion of time in a year when the 
illuminance at a specific location within a building reaches between 100 
and 2000 lx. The definition of this range is based on extensive research 
on the comfort and efficiency of indoor light environments [64]. UDI is 
often used to evaluate the proportion of time in which the illuminance of 
an entire space meets a certain range on a monthly or annual basis. 
When the time scale is reduced to 1 hour, the calculation method of UDI 
needs to be adjusted. Therefore, in this study, sUDI (Spatial Useful 
Daylight Illuminance) was applied as the standard to evaluate the light 
environment level at a certain indoor location. In this study, sUDI is 
defined as the proportion of the spatial area that meets the illuminance 
standard at a certain moment. The specific calculation method is to 
divide the working plane 0.75 m above the ground into several points 
and calculate the proportion of points in the space that meet the illu
minance standard, so as to optimize the shading form within this hour.

Table 2 
Performance of CIGS photovoltaic thin film.

Parameter Radiation Temperature coefficient

1000W/m2 800W/m2

Voc 46.2V 30.8V − 0.38%/ ◦C
Isc 5.3 A 4.3A 0.1%/ ◦C
Pm 144W 111W − 0.21%/ ◦C
Vmp 33.0V 30.8V − 0.31%/ ◦C
Imp 4.36A 3.6A 0.1%/ ◦C
Tstc 298K

Voc - open-circuit voltage.
Isc - short-circuit current.
Pm - maximum power.
Vmp - Maximum power point voltage.
Imp - Maximum power point current.
Tstc - standard temperature.
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Furthermore, since illuminance is significantly correlated with solar 
heat absorption, considering another purpose of shading is to reduce 
indoor irradiation and thereby lower the overall building energy con
sumption [65]. Therefore, in this study, a range of 200–800 lx was 
selected as the criterion for effective illuminance. And based on this, the 
shading form at specific times was optimized. 

sUDIi =
Mi(Illuminance∈ [200− 800lux])

n
× 100% (1) 

3.3.2. Spatial daylight glare probability (sDGP)
At present, there are mainly two methods for evaluating indoor glare, 

namely the Glare Index (DGI) and the probability of Glare (DGP). 
Several studies in recent years have shown that DGP is a more reliable 
indicator for evaluating the probability of indoor glare than DGI [66]. 
Since the evaluation index of DGI was first introduced from the results of 
large-area artificial light sources, its results are usually higher than the 
glare values in the actual environment [67]. In this study, sDGP (Spatial 
Daylight Glare Probability) was applied to evaluate the indoor glare 
probability. Its idea is the same as sUDI, that is, to calculate the glare 
probability by simulating the HDR image of the user's field of view at a 
certain moment, converting the measurement dimension from time to 
space, and determining the impact of glare on space at a specific 
moment. 

sDGPi =
Mi(DGP<0.38)

n
× 100% (2) 

3.3.3. Openness factor(OF)
The view outside the window has a profound impact on both physical 

and mental health [68]. It not only has a series of positive effects on 
health and well-being [69], but also enhances the cognitive performance 
and spatial satisfaction of space users [70], reduces discomfort and 
stress, and has a positive effect on emotions [71]. Therefore, in this 
study, the Openness Factor (OF) is adopted as the optimization objec
tive, and the balance between the field of vision and the shading effect is 
achieved through the design of the shading system. It refers to the ratio 
of the opening area passing through the shading line of sight to the total 
area inside the room, reflecting the transparency of the shading system. 
This index is used to quantify the extent to which the external landscape 
is seen through the shading device. In this study, this indicator is used to 
measure the average proportion of the rays towards the window at a 

midpoint 0.75 m above the ground in the space that are not blocked by 
the shading system.

3.3.4. Photovoltaic generation(ppg)
Photovoltaic systems are widely used around the world to generate 

clean energy. The performance of photovoltaic modules depends on 
several factors, including the availability of solar radiation and con
version efficiency. To predict the efficiency of photovoltaic systems, it is 
crucial to model the thermal and electrical characteristics of photovol
taic modules.

A large number of studies have shown that the I-V and P-V charac
teristic curves derived from the parameters of the diode model play a 
decisive role as direct indicators of the performance of solar cells or 
modules [72,73]. In recent years, the most frequently used models in the 
literature for estimating photovoltaic I-V curves are the single-diode 
model (SDM) and the double-diode model (The Double-diode Model). 
DDM, the modified double-diode model (MDDM), and the three-diode 
model (TDM). According to existing research, DDM is judged to be 
almost used to represent the equivalent circuit of solar panels. However, 
this model has a long computing time and nonlinear relationships 
among different parameters. Considering the simplicity of SDM, many 
studies have proved that SDM is the most common, and at the same time, 
this model is very accurate according to the changes of solar radiation 
and temperature [74]. Therefore, the equivalent single-diode model is 
adopted in the study to model photovoltaic power generation. The 
calculation formula for power generation considering the influence of 
photovoltaic surface temperature and surface irradiance is as follows: 

P =
GηpvPstc

Gstc(1 + ηT(T − Tstc))
(3) 

Based on the equivalent circuit model, the Perze sky model is studied 
and applied to calculate the irradiance of the photovoltaic surface and 
the Angle between the sunlight and the photovoltaic panel, so as to 
simulate the photovoltaic power generation more accurately and apply 
it to the subsequent optimization algorithm [75]. The total irradiance Is 
on the surface of photovoltaic panels consists of three parts: direct ra
diation Ib, diffuse radiation Id. The calculation equation is as follows: 

Fig. 2. Representative individual office space in Shenzhen.
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Is = Ebcosβ + Ed(1 − F)
(

1 + cosβ
2

)

+ EdF1
a
b
+ EdF2sinβ

+ ρ(Eb +Ed)
1 − cosβ

2
(4) 

The occlusion calculation is based on the geometric method as shown 
in Fig. 3. The sun vector is decomposed into vectors in the horizontal and 
vertical directions, and then the occlusion is calculated respectively for 
the horizontal and vertical directions. Among them, horizontal shading 
can be simply solved by comparing the horizontal Angle with the 
photovoltaic spacing, while the vertical shading needs to be compared 
with the vertical Angle and solved on a case-by-case basis. The calcu
lation formula is as follows: 

S =
I

tanβh
× I

⎛

⎜
⎝

sinA

tan
(

A + βv −
π
2

) − cosA

⎞

⎟
⎠ (5) 

3.4. Data-driven model development

3.4.1. Data acquisition
The traditional process of light environment prediction requires 

simulation-based calculation of geometric and mathematical models, 
which is computationally inefficient and impractical for optimization 
systems requiring immediate response. Conventional ray-tracing simu
lations using ClimateStudio require approximately 15 min per configu
ration to complete annual hourly dynamic simulation with acceptable 
accuracy, making real-time iterative optimization computationally 
prohibitive. This study therefore applies machine learning methods to 
train data-driven surrogate models that approximate the complex light 
environment simulation process with real-time inference possibility.

To generate the training dataset, an automated parametric modeling 
workflow was developed using Grasshopper to systematically adjust 
PVSD geometric parameters across all physically valid configurations. A 
total of 255 effective configurations were obtained through collision 
exclusion calculations that eliminate physically impossible position- 
angle combinations where louvers would intersect each other or the 
window frame, spanning vertical positions within ±0.14 m and rotation 
angles from 0◦ to 90◦ For each of the 255 valid configurations, Clima
teStudio performed annual hourly dynamic daylight simulations 
following the Radiance-based three-phase method, with settings opti
mized for accuracy. ClimateStudio has demonstrated illuminance pre
diction accuracy within ±15% compared to field measurements across 
diverse building geometries and sky conditions. Each annual simulation 
required approximately 15 min per configuration on a standard work
station (Intel Core i7 processor, 32 GB RAM), reflecting the computa
tional demand of the Radiance-based three-phase method at the 

specified accuracy settings applied to all annual hourly timesteps. Across 
all 255 valid configurations, the total simulation time was approxi
mately 56 to 64 h, with variation arising from differences in geometric 
complexity across configurations. The complete Grasshopper and Cli
mateStudio simulation file is provided as supplementary material.

Based on Shenzhen's climate conditions, solar availability analysis 
identified 4417 representative hourly timesteps throughout the year 
when direct normal irradiance exceeded 50 W/m², below which electric 
lighting dominates regardless of shading configuration. This threshold 
was determined through preliminary simulations showing that config
urations with DNI below 50 W/m² achieved sUDI below 0.15 regardless 
of louver position or angle, indicating insufficient daylight availability 
for meaningful optimization. By extracting simulation results for each of 
the 255 configurations at these 4417 timesteps, a dataset of 1126,335 
simulation pairs (sample size) was generated for machine learning 
model training and validation. It is important to note that the 255 
effective configurations represent the mechanically realizable design 
space of the physical device after collision exclusion and the 1126,335 
simulation pairs constitute the full dataset for machine learning model 
training, validation, and testing.

Prior to metamodel training, Sobol sensitivity analysis was con
ducted using ClimateStudio simulations to identify which of the eight 
candidate input parameters most significantly influence sUDI and sDGP, 
thereby guiding feature selection for the surrogate models. Feature se
lection was conducted using Sobol sensitivity analysis, a variance-based 
global sensitivity method that decomposes output variance into contri
butions from individual parameters and their interactions [76]. The 
detailed methodology and sample size justification [77,78,80] for this 
analysis are presented in Appendix II. The eight candidates evaluated 
were shading position, shading angle, solar azimuth, solar altitude, 
direct normal irradiance (DNI), diffuse horizontal irradiance (DHI), 
outdoor dry-bulb temperature, and wind speed. The analysis demon
strated that the five selected features, namely shading position, shading 
angle, solar azimuth, solar altitude, and DNI, collectively account for 
96.9% of first-order variance in sUDI and 93.8% in sDGP. While the 
excluded features showed low first-order indices, DHI and outdoor 
temperature exhibited notable interaction effects with solar altitude and 
DNI, as reflected in their total-order indices. However, even including 
these interactions, the excluded features contribute less than 4% of total 
variance, which was deemed insufficient to justify additional model 
complexity. To predict the sUDI and sDGP indicators characterizing the 
indoor light environment, two independent machine learning models 
were trained. Table 3 presents the feature vectors and prediction targets, 
with the feature vector including five environmental and geometric 
parameters: shading position (vertical translation, − 0.14 to +0.14 m), 
shading angle (rotation, 0 to 90◦), solar azimuth angle (0 to 1.48 ra
dians), solar altitude angle (1.15 to 5.15 radians), and direct solar 

Fig. 3. Calculation method of mutual shading of solar victors.
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radiation (0 to 892 W/m²). Independent models were trained for each 
target to optimize prediction accuracy and enable flexible 
multi-objective control strategies.

3.4.2. Data processing
The compiled dataset integrates all generated simulation results into 

structured arrays, with each record containing the five-dimensional 
feature vector (position, angle, azimuth, altitude, radiation), corre
sponding sUDI value, and sDGP value. Table 4 presents the statistical 
properties and distribution of the cleaned dataset.

To ensure optimal model performance and prevent scale-related bias, 
a comprehensive preprocessing pipeline was implemented: 

a) Feature Scaling. Standardization was applied to all input features 
using z-score normalization: 

xscaled =
x − μ

σ 

where μ and σ represent the mean and standard deviation of each feature 
calculated from the training set. This transformation ensures each 
feature has zero mean and unit variance, preventing features with larger 
numeric ranges (e.g., solar radiation: 0–892 W/m²) from dominating the 
learning process compared to features with smaller ranges (e.g., shading 
position: − 0.14 to +0.14 m). Standardization parameters were pre
served and applied consistently to validation and test sets to prevent 
data leakage. 

b) Train-Test-Validation Split. The dataset was partitioned using 
stratified sampling to ensure representative distribution across all 
conditions:

• Training set: 70% (788,435 samples) - used for model fitting
• Validation set: 15% (168,950 samples) - used for hyperparameter 

tuning and model selection
• Test set: 15% (168,950 samples) - held out for final performance 

evaluation, never used during training

Stratification was performed across three dimensions: (1) season (4 
bins), (2) solar altitude angle (5 bins), and (3) shading configuration 
density (3 bins: compact, dispersed, mixed). This ensures each subset 
contains representative samples from all operating conditions, pre
venting temporal or geometric bias in model evaluation.

3.4.3. Machine learning algorithms and modeling
Eight algorithms were evaluated to identify optimal prediction 

models for sUDI and sDGP, spanning the bias-variance tradeoff spectrum 
from high-bias linear models to high-variance ensemble methods. The 
evaluated algorithms include Linear Regression, Lasso, Ridge, and 
ElasticNet as linear baselines, polynomial regression to capture 
nonlinear relationships, Multi-Layer Perceptron (MLP) neural network, 
and tree-based ensemble methods including XGBoost, Decision Tree, 
and Random Forest.

Hyperparameter optimization was conducted using grid search 
across predefined parameter grids for each algorithm. For Random 
Forest, the search space included number of estimators (50, 75, 100, 
125, 150), minimum samples split (2, 5, 10), minimum samples leaf (1, 
2, 4), maximum depth (None, 10, 20, 30), maximum features (sqrt, log2, 
None), and bootstrap (True, False). For XGBoost, the search included 
learning rate (0.1, 0.3, 0.5), maximum depth (4, 6, 8, 10), number of 
estimators (80, 100, 120), regularization alpha (0, 0.1, 1), and column 
sample by tree (0.8, 1.0). For MLP, hidden layer sizes (25, 50, 100), 
activation functions (ReLU, tanh), and maximum iterations (500, 1000) 
were evaluated. Five-fold cross-validation with stratified sampling was 
employed to ensure robust performance estimates. Stratification was 
performed across seasonal conditions (4 bins corresponding to quarters), 
solar altitude angles (5 bins from low to high), and shading configura
tion density (3 bins: compact, dispersed, mixed). This ensures each fold 
contains representative samples from all operating conditions, pre
venting temporal or geometric bias in performance estimation. Table 5
presents the optimal hyperparameter configurations identified through 
this process along with corresponding performance metrics on the held- 
out test set.

It is shown that the linear models achieved R² of 0.31, confirming the 
inherently nonlinear relationship. Polynomial regression reached R² of 
0.82, while neural networks achieved R² of 0.80. Tree based methods 

Table 3 
The characteristics and predicted values of data-driven models.

Type Name Range

Feature Shading Position [− 0.14,0.14]
​ Shading Angle [0,0.5π]
​ Azimuth [0,1.48]
​ Altitude [1.15,5.15]
​ Direct radiation [0892]
Predicted value sUDI [0,1]
​ sDGP [0,1]

Table 4 
sUDI and sDGP dataset distribution and statistical properties.

Near-window sDGP Whole space sUDI

Description Within 3.6 m from window, proportion with DGP < 0.38 (comfortable glare threshold) Entire space, proportion with illuminance 200–800 lx
Sample size (n) 1126,335 1126,335
Mean (μ) 0.439 0.467
Median 0.412 0.455
Standard deviation (σ) 0.327 0.295
Variance (σ²) 0.107 0.087
Skewness 0.18 0.21
Kurtosis − 1.31 − 1.18
Distribution
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demonstrated superior performance with XGBoost at R² of 0.925, De
cision Tree at R² of 0.96, and Random Forest achieving the highest R² of 
0.984 with RMSE of 0.039. Random Forest was selected as the final 
model due to its exceptional accuracy and 8 ms inference time suitable 
for real time control. Independent validation tests confirmed robust 

generalization: temporal extrapolation achieved R² of 0.981, configu
ration extrapolation achieved R² of 0.978, and extreme condition testing 
achieved R² above 0.976 across all radiation ranges. To further illustrate 
the predictiveness of various models, Fig. 4 presents scatter plots for all 
algorithms, demonstrating Random Forest achieves tightest clustering 

Table 5 
Comprehensive Model Performance Comparison for sUDI Prediction.

Model Optimal Hyperparameters Inference 
Time

MSE RMSE MAE R² Computational 
Cost

Linear Regression - 0.002s 0.054 0.232 0.185 0.31 Low
Lasso α=0.001 0.002s 0.054 0.232 0.184 0.3 Low
Ridge α=0.001 0.002s 0.054 0.232 0.185 0.31 Low
ElasticNet α=0.001, l1_ratio=0.5 0.002s 0.054 0.232 0.185 0.31 Low
Polynomial 

(deg=8)
degree=6 0.015s 0.014 0.118 0.087 0.82 Medium

MLP hidden=(10,), max_iter=1000, activation='ReLU' 0.008s 0.016 0.126 0.094 0.8 High
XGBoost lr=0.5, depth=15, n_est=120, α=0, colsample=1 0.019s 0.006 0.077 0.058 0.925 High
Decision Tree depth=None, min_split=10, min_leaf=2 0.012s 0.003 0.055 0.038 0.96 Medium
Random Forest n_est=125, min_split=5, min_leaf=1, depth=None, max_feat='sqrt', 

bootstrap=False
0.008s 0.001 0.039 0.026 0.984 High

Fig. 4. Scatter plot of all trained model validation-sUDI.
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around the diagonal with minimal scatter across the full sUDI range.
Random Forest's superiority stems from non-parametric flexibility 

capturing arbitrary relationships without functional form assumptions, 
natural interaction modeling through tree splits (e.g., shading angle 
effectiveness varying with solar altitude), robustness to outliers through 
ensemble averaging, and interpretable feature importance. Practically, 8 
ms inference enables 450 evaluations per second, which is sufficient for 
10 particles × 10 iterations × 4 objectives = 400 evaluations, 

deterministic predictions ensure reproducibility, and 45 MB memory 
enables embedded deployment.

Moreover, our feature importance analysis revealed distinct patterns 
for each objective. For sUDI prediction, direct solar radiation dominates 
at 42.3%, followed by solar altitude at 24.1% and shading angle at 
18.7%. For sDGP prediction, shading angle dominates at 38.9%, fol
lowed by solar altitude at 27.4% and direct radiation at 19.1%. The 
complementary hierarchies explain why integrated optimization 

Fig. 5. Cross-climate performance and validation of the developed data-driven model.
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approaches Pareto-optimal solutions as the objectives are controlled 
through partially independent mechanisms. This informs hierarchical 
control: during high radiation, prioritize angular control that optimizes 
PV + glare simultaneously; during low radiation, prioritize position 
control that maximizes daylight penetration.

3.4.4. Cross-climate model validation
To validate that the trained model’s generalizability to cities other 

than Shenzhen-specific patterns, cross-climate generalization testing 
was conducted using independent physical simulations. The models 
trained exclusively on Shenzhen data (22.5◦N, subtropical monsoon 
climate) were applied to predict sUDI and sDGP for independently 
simulated cases in two additional Chinese cities with distinctly different 
climatic conditions: Shanghai (31.2◦N, humid subtropical climate) and 
Beijing (39.9◦N, humid continental climate). For each validation city, 
ClimateStudio simulations were performed for fifty randomly selected 
PVSD configurations across representative hourly timesteps spanning all 
seasons, generating 5000 independent validation cases per city. These 
simulations used local TMY weather data with city-specific solar ge
ometries and radiation patterns that differ from the training data. The 
maximum solar altitude in Beijing (73.5◦) is notably lower than 
Shenzhen (85.1◦), while Shanghai exhibits intermediate values (82.3◦). 
Direct normal irradiance patterns also differ significantly, with Beijing 
experiencing higher peak values but fewer annual sunshine hours 
compared to the humid southern cities.

Fig. 5 presents scatter plots comparing model predictions against 
ClimateStudio simulation results for the two validation climates. The 
cross-climate validation demonstrates strong generalization capability 
with modest performance degradation compared to the Shenzhen test 
set, reflecting the challenge of generalizing to unseen solar geometry 
ranges and radiation patterns. Shanghai achieved R² of 0.977 for sUDI 
(RMSE = 0.043) and R² of 0.973 for sDGP (RMSE = 0.046), while Beijing 
achieved R² of 0.963 for sUDI (RMSE = 0.060) and R² of 0.955 for sDGP 
(RMSE = 0.065). The greater performance degradation for Beijing can 
be attributed to its more distinct solar geometry, with winter solar al
titudes frequently below 30◦ falling outside the training data range.

Our analysis reveals that prediction errors exhibit heteroscedasticity 
correlated with the metric values, with smaller variance observed near 
the boundary values and larger variance in the mid-range. This pattern 
reflects the physical constraints at extreme conditions where daylight 
performance is more predictable. Despite the increased uncertainty in 
mid-range predictions, errors remain within acceptable bounds (RMSE 
< 0.07) for practical control applications. The consistently high accu
racy across both validation climates (R² > 0.95) confirms that the 
models have learned transferable physical relationships between solar 
position, shading configuration, and indoor daylight metrics rather than 
memorizing Shenzhen-specific patterns. This cross-climate validation 
provides confidence that the surrogate models can be deployed in 
diverse geographic locations, though retraining with local data would 
further improve performance for applications requiring the highest 
accuracy.

As an additional validation of the surrogate model beyond cross- 
climate generalization, Sobol sensitivity analysis was also indepen
dently conducted on the Random Forest model outputs and compared 
against the ClimateStudio-based sensitivity results. The consistency 
between both sets of indices confirms that the surrogate model has 
faithfully reproduced the underlying physical input-output relationships 
of the daylight system. The detailed comparison is presented in Ap
pendix IV.

3.5. Control strategy

3.5.1. Global optimization algorithm
Particle Swarm Optimization (PSO) was selected for real-time 

shading optimization based on computational efficiency, gradient-free 
operation, multi-modal search capability, and simple 

parameterization. Preliminary testing across one hundred conditions 
showed PSO (10 particles, 10 iterations) required 0.24 s versus 0.38 s for 
Genetic Algorithm and 0.42 s for Differential Evolution, a 37% speed 
advantage critical for real-time control.

PSO maintains a swarm of particles, each with position xi= [position, 
angle] ∈ ℝ², velocity vi ∈ ℝ², personal best pi, and global best g. Particles 
move according to: 

vi(t+1) = w⋅vi(t) + c1⋅r1⋅(pi − xi(t)) + c2⋅r2⋅(g − xi(t))

xi(t+1) = xi(t) + vi(t+1)

where w = 0.7 (inertia), c₁ = c₂ = 1.5 (cognitive/social coefficients), and 
r₁, r₂ ~ U(0,1) (random numbers). These follow standard recommen
dations and were validated through sensitivity analysis.

The fitness function integrates four normalized objectives: 

f(x) = w1⋅
sUDI(x)
sUDImax

+ w2⋅
sDGP(x)
sDGPmax

+ w3⋅
OF(x)
OFmax

+ w4⋅
PVG(x)
PVGmax

(6) 

where each term is normalized to the range [0,1] to ensure equal 
weighting scales: 

sUDIʹ(x) =
sUDI(x)
sUDImax 

sDGPʹ
(x) =

sDGP(x)
sDGPmax 

OFʹ
(x) =

OF(x)
OFmax 

PVG
ʹ
(x) =

PVG(x)
PVGmax 

The maximum values used for normalization are determined from 
the training dataset and theoretical limits: sUDImax = 0.95 representing 
the theoretical maximum achievable with optimized shading under 
favorable conditions, sDGP_max = 1.0 representing complete absence of 
glare across all view positions, OFmax = 1.0 representing a fully open 
window with no view obstruction, and PVGmax calculated from Eq. (3)
assuming optimal sun tracking with panel normal vector aligned with 
solar vector and maximum available irradiance.

The weight vector w = [w₁, w₂, w₃, w₄] satisfies the normalization 
constraint Σwᵢ = 1, enabling interpretation of weights as priority allo
cation percentages. For example, weights of [0.5, 0.5, 0, 0] indicate 
equal priority for illuminance quality and glare protection while 
ignoring view and generation. Section 3.5.3 defines specific weight 
combinations corresponding to different operational strategies 
including daylighting-priority, integrated optimization, and electricity- 
priority modes. The hyperparameter optimization and tuning of the 
PSO optimization algorithm is detailed in Appendix III.

It is important to distinguish between sensitivity-derived feature 
importance and user-specified optimization weights. The Sobol sensi
tivity analysis described in Appendix II informed feature selection for 
the surrogate models by identifying which input parameters signifi
cantly influence daylight metrics. In contrast, the weights w1 through w4 
in the fitness function are policy parameters that allow building opera
tors to express preferences among competing objectives according to 
operational requirements. These weights do not derive from sensitivity 
analysis but rather represent deliberate prioritization decisions. For 
example, a medical facility requiring strict glare control might assign w2 
= 0.5 for sDGP, while a net-zero energy building might prioritize w4 =

0.4 for photovoltaic generation.

3.5.2. Reactive optimal control framework
In this study, Reactive Optimal Control (ROC) was implemented as 

the core control methodology for real-time PVSD optimization. Unlike 
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conventional Model Predictive Control (MPC) that employs multi-step 
prediction horizons to anticipate future states [79], ROC optimizes 
control actions based on current environmental conditions at each 
timestep. This approach is justified by the specific characteristics of 
PVSD systems where configuration changes are instantaneous and 
optimal shading depends primarily on current solar geometry rather 
than accumulated thermal states.

3.5.2.1. ROC implementation and framework. Fig. 6 illustrates the 
complete research workflow integrating the four optimization objec
tives, data-driven model development, multi-objective weighting, and 
real-time optimization process. The workflow diagram is organized into 
five sequential phases that transform raw objectives into optimal 
shading configurations.

As shown Fig. 6, Phase 1 (Optimization Objective Selecting) iden
tifies the four sub-objectives: illuminance (sUDI), glare guard (sDGP), 
vision level (OF), and photovoltaic power (PPG). Phase 2 shows parallel 
development paths where sUDI and sDGP are predicted through dataset 
collection from ClimateStudio followed by machine learning model 
training in Python, while OF is calculated through vision database 
building in Ladybug and PVG is computed through sky model building 
leading to equivalent circuit model calculations based on single-diode 
modeling (SDM). Phase 3 (Parameter Weighting) demonstrates how 
users assign priority weights W1 through W4 to each objective, enabling 
user-adaptive control strategies. Phase 4 (Fitness Calculation) shows the 
PSO optimization method receiving these weighted objectives, with the 
fitness function mathematically expressed as f(x) = W1×sUDI +
W2×sDGP + W3×OF + W4×PPG, followed by Euclidean distance 
calculation to evaluate configuration proximity to the optimal solution. 
Phase 5 (Shading Form Schedule Output) produces the final ideal 
shading form as a time-series schedule of position and angle configu
rations. The figure emphasizes the critical integration point where ma
chine learning predictions (8 ms inference time) enable real-time PSO 

optimization (240 ms total) within the hourly control cycle, a compu
tational breakthrough that distinguishes this approach from simulation- 
based methods requiring 15 min or more per evaluation. The bidirec
tional arrow between Phase 4 and Phase 5 indicates the iterative nature 
of the optimization process, where PSO continuously evaluates and re
fines candidate solutions until convergence criteria are met as demon
strated in Fig. 7.

At each hourly timestep, the ROC algorithm executes the following 
sequence. First, state observation acquires current environmental con
ditions including solar altitude angle, solar azimuth angle, and direct 
normal irradiance from weather stations or sensor measurements. Sec
ond, performance prediction evaluates candidate configurations by 
predicting sUDI and sDGP using trained Random Forest models (8 ms 
per prediction), calculating OF using geometric raytracing, and calcu
lating PVG using the photovoltaic model incorporating the Perez sky 
model and self-shading calculations. Third, multi-objective optimization 
executes PSO to find configuration x maximizing the weighted objective 
f(x) subject to geometric constraints. Fourth, control implementation 
commands PVSD actuators to the optimal configuration. Fifth, time 
advancement increments by one hour and returns to step one, creating a 
receding-horizon control loop.*

The reactive approach differs from conventional MPC in several 
important aspects. First, ROC uses single-step optimization based on 
current conditions rather than multi-step prediction horizons. Second, 
ROC responds to measured environmental states rather than forecasted 
future conditions. Third, ROC does not explicitly model uncertainty in 
predictions or forecasts. These simplifications are appropriate for PVSD 
control because configuration changes are instantaneous (mechanical 
response under one minute), optimal shading exhibits Markov proper
ties where current conditions determine optimal configuration without 
dependence on past states, and the smooth objective landscape provides 
implicit robustness to measurement errors.

Fig. 6. ROC implementation framework in this research.

H. Zhang et al.                                                                                                                                                                                                                                  Building and Environment 300 (2026) 114718 

13 



3.5.3. Rule based control method
The study compared the daylighting, field of view and energy results 

under four working conditions under the climatic conditions of Shenz
hen. All simulations and calculations were based on TMY data. The 
various working conditions are shown in the Table 6 as follows. Due to 
the highest contribution of the south-facing facade to the indoor thermal 
environment, this study only analyzed the south-facing PVSD.

Furthermore, in order to enhance the robustness of the existing dy
namic shading control system, ROC can be combined with the optimized 
generation strategy, and the RBC (Rule Control) strategy can be intro
duced in specific scenarios to enhance the adaptability of the system. 
The following are some of the preset RBC control logics: 

1) When there is no natural light or the direct solar radiation is too low, 
the shading device should be folded to the upper part (A = 90, 
P=− 0.14) to enhance ventilation, visibility, or lighting effects.

2) In the power generation priority mode, a decentralized shading 
layout (P = 0) is adopted to reduce mutual shading and optimize the 
Angle between the photovoltaic panels and the solar vector to 
maximize the photovoltaic power generation.

3) Through the user-preset form, it supports quick manual adjustment 
of shading, such as fully folding to the top (A = 0, P = 0.14), fully 
folding to the bottom (A = 90, P=− 0.14), evenly distributed (A = 90, 
P = 0), blocking the upper part of the window (A = 45, P=− 0.07), 
and blocking the lower part of the window (A = 45). P = 0.07), 
overall upper occlusion (A = 45, P = 0), etc.

Fig. 7. The influence of iterations on fitness optimization and contribution value.

Table 6 
Shading control mode based on different control objectives.

Abbreviation Extended Meaning Description Weight Setting

NS No Shading No shading device(Based 
operating condition)

-

FPS Fixed PV Shading PVSDs placed 
horizontally and 
dispersed (A = 90,P = 0).

-

DPS-DL Dynamic PV 
Shading - 
Daylighting

Lighting is the most 
important goal, which 
includes maintaining 
appropriate illuminance 
in the space and reducing 
the probability of glare

Wi=0.5; 
Wg=0.5; 
Wv=0;Wp=0

DPS-IO Dynamic PV 
Shading - 
Integrated 
Optimization

Balance the four 
optimization objectives to 
achieve multi-objective 
balance optimization of 
space in terms of 
appropriate illuminance, 
glare probability, field of 
view level and 
photovoltaic power 
generation

Wi=0.25; 
Wg=0.25; 
Wv=0.25; 
Wp=0.25

DPS-EP Dynamic PV 
Shading - 
Electricity Priority

Power generation takes 
priority, and the shading 
is spread out while 
maintaining the minimum 
(P = 0) Angle with the 
sunlight

-
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In the future, with the application of control strategies, the recog
nition of shading scenes can be further optimized through user feedback, 
and the RBC strategy and preset forms can be expanded to enhance the 
intelligence and user experience of the system.

4. Results and analysis

4.1. Comparative analysis of ROC methods

Three baseline control strategies were implemented for validation. 
Rule-Based Control (RBC) uses fixed DNI thresholds to set louver con
figurations based on solar intensity and altitude. Sensor-Based Control 
(SBC) employs an illuminance sensor at room center with reactive 
feedback to adjust louver angles. Optimized Schedule Control (OSC) 
uses precomputed optimal configurations for each hour of the typical 
meteorological year based on clear sky solar position without adaptation 
to actual weather conditions. Table 7 compares annual performance 
across all control strategies evaluated for the Shenzhen climate using 
TMY data, demonstrating substantial advantages of ROC over conven
tional approaches.

ROC-IO achieves 24% net energy savings compared to OSC, reducing 
annual consumption from 680 to 1050 kWh. This improvement com
bines superior performance across all objectives against OSC: sUDI in
creases 20% to 0.67, sDGP improves 14% to 0.95 representing near- 
complete glare elimination, OF increases 15% to 0.70, and PVG in
creases 9% to 850 kWh. The cloudy day performance metric reveals 
superior robustness, exhibiting only 2% performance degradation under 
variable weather compared to 22% degradation for OSC.

Rule-Based Control limitations include fixed thresholds unable to 
adapt to seasonal variations, binary decisions between configurations 
that miss optimization opportunities, and single objective focus priori
tizing thermal comfort while ignoring daylighting quality and PV gen
eration. Sensor-Based Control suffers from reactive rather than 
anticipatory control where louvers close after glare occurs, single sensor 
representation that cannot capture spatial heterogeneity, and absence of 
PV generation consideration. Optimized Schedule Control achieves good 
performance under clear sky conditions but exhibits 22% performance 
degradation on cloudy days when precomputed schedules become 
suboptimal. While ROC shares the reactive characteristic with SBC in 
that it responds to current rather than forecasted conditions, ROC ach
ieves good performance through multi-objective optimization across the 
full configuration space rather than simple threshold-based responses. 
Moreover, the 240 ms computational requirement for ROC is readily 
accommodated by modern building controllers. The energy savings of 
approximately 160 kWh per year per window provides economic 
payback for additional computational hardware in under one year while 
delivering superior occupant comfort through improved daylighting and 
glare control.

4.2. Daylighting performance

4.2.1. Indoor daylighting and glare protection
The spatial Useful Daylight Illuminance (sUDI) and Spatial Daylight 

Glare Probability (sDGP) analysis reveal significant improvements in 
indoor lighting quality through dynamic PVSD systems. Fig. 8 presents 
throughout the year representative day sUDI and sDGP performance 
across the four control strategies.

Without shading, annual average daily sUDI in Shenzhen reaches 
only 0.23, indicating merely 23% of spatial illuminance falls within the 
effective range of 200 to 800 lx throughout the day. Winter months 
exhibit significantly lower performance with sUDI of 0.15 in January 
due to lower solar altitude angles that create high contrast ratios and 
limited useful daylight distribution. Summer months show improvement 
but remain suboptimal at 0.4 to 0.5. Fixed photovoltaic louver shading 
demonstrates substantial improvements with average daily sUDI 
reaching 0.54, representing a 135% increase over unshaded conditions. 
The enhancement is most pronounced in autumn and winter months, 
exceeding 100% improvement. The most dramatic improvement occurs 
in February where sUDI rises from 0.12 to 0.52, a 333% increase. Dy
namic photovoltaic louver shading achieves further refinement through 
real time geometric optimization. During October to February, dynamic 
control increases effective daylight space by an additional 20% to 60% 
compared to fixed shading through adjusting both louver angle and 
vertical position in response to changing solar angles. Summer perfor
mance converges with fixed shading results, suggesting optimal 
configuration remains relatively stable during high solar altitude pe
riods. The daylighting priority strategy consistently delivers superior 
indoor light environment quality with average daily sUDI generally 
above 0.6 and peak values reaching 0.79. This represents improvements 
of 81%, 15%, and negligible change compared to no shading, fixed 
shading, and integrated optimization strategies, respectively.

Glare control represents a critical challenge in subtropical climates 
with high solar radiation intensity. The sDGP analysis focuses on the 
near window area within 3.6 m of the facade. Fig. 8b illustrates repre
sentative daily average sDGP performance across different shading 
strategies. Without shading protection, sDGP performance exhibits 
concerning results throughout the year. Winter months show particu
larly poor performance with values below 0.5, indicating more than 50% 
of the near-window area experiences disturbing or intolerable glare. 
This winter glare problem results from low solar angles that create direct 
view of the sun disk and bright sky regions from typical seated viewing 
positions. Fixed photovoltaic louver shading dramatically improves 
glare control performance with sDGP increasing to over 0.7 across all 
seasons and peak performance reaching 0.93 in July. This improvement 
demonstrates that even static louver configurations can effectively block 
direct solar penetration and reduce luminance contrasts. The consistent 
performance throughout the year suggests geometric configuration 
plays a more critical role than dynamic adjustment for this metric. The 
forms of no shading and fixed shading are shown in Fig. 9a, while the 
form of PVSD throughout Jan 20th is shown in Fig. 9b Dynamic 
photovoltaic shading louvers show significant performance improve
ments in glare control. While summer performance matches fixed 
shading, winter months show additional improvements of approxi
mately 10% through the ability to track low solar angles and adjust 
louver positions to block direct sun penetration while maintaining useful 
daylight levels.

The daylighting priority strategy achieves the most stable and 
comprehensive glare protection, maintaining overall average daily 
sDGP at approximately 0.95. This consistency across seasons and times 
demonstrates the effectiveness of predictive control in anticipating and 
preventing glare conditions before they occur, successfully creating a 
visual environment characterized by both appropriate illuminance 
levels and minimal glare probability.

Table 7 
Control strategy performance comparison.

Metric No 
Control

RBC SBC OSC ROC- 
IO

Improvement vs 
Best Baseline

sUDI (avg) 0.23 0.41 0.38 0.56 0.67 +20% vs OSC
sDGP 

(avg)
0.38 0.72 0.68 0.83 0.95 +14% vs OSC

OF (avg) 1 0.45 0.52 0.61 0.7 +15% vs OSC
PVG 

(kWh/ 
yr)

- 630 480 780 850 +9% vs OSC

Net 
Energy 
(kWh/ 
yr)

2200 1400 1440 1380 1050 − 24% vs OSC

Cloudy 
day 
penalty

baseline − 8% − 15% − 22% − 2% 10× better vs 
OSC
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4.2.2. Vision level
The Openness Factor analysis reveals complex trade-offs between 

environmental control and visual connectivity in dynamic shading sys
tems. Fig. 10 presents annual distribution of vision levels achieved under 
different control strategies.

The daylighting priority strategy demonstrates measurable impacts 
on visual connectivity with only 50% of annual occupied hours 
achieving OF above 0.5 and approximately 20% of time periods reach
ing values above 0.8. The annual average of 0.45 reflects prioritization 
of lighting quality overview preservation. In contrast, the integrated 
optimization strategy successfully balances visual connectivity with 
environmental performance. This strategy maintains OF values above 
0.9 for 30% of annual occupied hours while keeping OF above 0.5 for 
more than 50% of the time. The annual average of 0.7 exceeds that of 
fixed shading, demonstrating that dynamic control can enhance rather 
than compromise view quality when properly optimized. The superior 
view performance is achieved through high degrees of freedom enabling 
configurations that selectively block high-glare sky regions while 

preserving views at eye level.
Temporal analysis reveals strategic adaptations to daily and seasonal 

variations. Morning and late afternoon periods typically show higher OF 
values as the control system opens louvers to admit low-angle sunlight 
while maintaining glare control. Midday periods show reduced OF as the 
system prioritizes thermal and glare protection while maintaining 
minimum thresholds to ensure psychological connection to outdoors.

4.3. Energy performance

4.3.1. Cooling load
The impact of dynamic PVSD systems on cooling load demonstrates 

substantial savings potential in subtropical climates. Fig. 11 illustrates 
monthly and hourly cooling load reductions achieved through different 
shading strategies.

As indicated in Fig. 11a, fixed photovoltaic shading reduces annual 
cooling load by 8.3% primarily through reduction of direct solar heat 
gain. The cooling load reduction shows strong seasonal variation with 

Fig. 8. Daylighting and glare level on representative day in each month with different control modes.
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summer months achieving 12% to 15% reductions while winter im
provements remain minimal. Dynamic PVSD systems achieve signifi
cantly higher cooling energy reductions through adaptive response to 
solar conditions. The integrated optimization strategy reduces annual 

cooling demand by 12.6%, representing a 52% improvement over fixed 
shading. The enhanced performance results from continuous optimiza
tion to minimize solar heat gain while maintaining daylight targets. 
Peak summer reductions reach 18% to 20%.

Fig. 9. Scenarios of no shading (NS), fixed shading (FS), and dynamic PVSD system on Jan 20th.

Fig. 10. Annual distribution of vision levels achieved under different control strategies.
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Hour by hour analysis of representative day for each month shown in 
Fig. 11b reveals sophisticated response to diurnal patterns. During 
morning hours, the system maintains relatively open configurations to 
admit beneficial daylight while cooling load remains low. As solar in
tensity increases, the control algorithm progressively adjusts louver 
angles and positions to track the solar path. This adaptive behavior is 
particularly effective during partly cloudy conditions where the system 
can rapidly respond to changing irradiance levels.

4.3.2. Artificial lighting energy saving
The evaluation of lighting energy performance required develop

ment of an equivalent time method due to limitations in simulating 
illuminance-based lighting control across the distributed spatial grid. 
Fig. 12a illustrates the illuminance sampling point positioned 0.8 m 
above floor level at room center, serving as the lighting control sensor, 
while Fig. 12b presents illuminance levels at the sampling point 
throughout representative days for each month, revealing dramatic 
impact of shading strategy on daylight availability at room center.

Without shading, the sampling point experiences extreme illumi
nance variability with peak values reaching 1400 to 1800 lx during 
midday summer periods, dropping to 300 to 600 lx in winter. This high 
spatial variability triggers electric lighting in most part of the space even 
when window zones are over-lit. Fixed photovoltaic shading dramati
cally improves illuminance temporal stability at room center, main
taining sampling point illuminance within 200 to 800 lx for substantially 

longer periods than unshaded conditions. The diffusion and reflection 
effects of horizontal louvers redirect incident light toward ceiling and 
deeper zones rather than concentrating it near the window.

Dynamic photovoltaic shading systems achieve superior illuminance 
distribution through adaptive geometric optimization. Winter months 
show particularly dramatic improvements with the system maintaining 
600 to 800 lx at room center during midday periods where unshaded 
conditions achieved only 300 to 500 lx and fixed shading achieved 450 
to 600 lx. This enhanced penetration results from adjusting louver an
gles and positions to redirect low-angle winter sun deeper into the space. 
Fig. 13 quantifies the lighting energy implications through annual en
ergy consumption analysis across all control strategies.

Without shading, baseline annual lighting energy consumption rea
ches 538.4 kWh. Fixed photovoltaic shading reduces annual lighting 
energy to 468 kWh, a 13% reduction, by improving daylight distribution 
uniformity. The dynamic PVSD systems achieve the greatest lighting 
energy reductions through optimized daylight delivery. The daylighting 
priority strategy reduces annual lighting energy by 118 kWh to 420 kWh 
through maximization of useful daylight hours. The integrated optimi
zation strategy achieves 88 kWh annual lighting savings to 450 kWh, 
slightly less than daylighting priority as the balanced weighting results 
in occasional compromises on daylighting quality to favor other 
objectives.

Fig. 11. Cooling load demand (kWh) under different control modes.
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4.3.3. Photovoltaic generation and net energy use
The photovoltaic generation analysis reveals complex interplay be

tween shading performance and energy production in integrated PVSD 
systems. Fig. 14a presents monthly generation profiles under different 
control strategies. To evaluate net energy use that can demonstrate the 
renewable integration of the proposed PVSD systems, Fig. 14b synthe
sizes cooling, heating, lighting demands and photovoltaic generation to 
reveal overall energy performance of the space.

A notable seasonal crossover pattern emerges in Fig. 14a: the fixed 
system (FPS) outperforms all dynamic strategies during summer months 
(April–August), peaking at approximately 81 kWh in August, likely 
because its fixed tilt angle is inherently well-aligned with high summer 
solar angles. Conversely, during winter months (November–February), 
FPS generates considerably less — dropping to around 40–43 kWh in 
November and December, while dynamic systems maintain compara
tively stable output of 60–66 kWh, suggesting their adaptive positioning 
better captures lower-angle winter solar radiation. Among dynamic 
strategies, DPS-EP consistently produces the highest monthly generation 
across nearly all months, as expected given its energy-production- 

oriented objective. DPS-DL and DPS-IO perform similarly throughout 
the year, with only marginal differences. Annually, the dynamic systems 
appear to compensate for their summer underperformance through su
perior winter generation, resulting in broadly comparable or modestly 
higher total annual PV output relative to FPS.

Fig. 14b shows that the fixed PVSD system (FPS) can reduce net 
energy consumption by approximately 41%, bringing annual con
sumption from roughly 2200 kWh (NS baseline) down to approximately 
1300 kWh. This reduction combines multiple mechanisms including 
direct cooling load reduction through shading, lighting energy savings 
through improved daylight distribution, and offset through photovoltaic 
generation. Dynamic PVSD systems with optimized control achieve 
greater net energy reductions of approximately 52%, reducing annual 
consumption to approximately 1050 kWh (DPS-IO). This performance 
moves the conditioned space meaningfully toward net zero energy tar
gets. The roughly 19% improvement over the fixed system results from 
cumulative benefits of optimized thermal protection, enhanced daylight 
utilization, and maximized generation achieved through intelligent real- 
time control. The daylighting priority strategy (DPS-DL) achieves 

Fig. 12. Illuminance level comparison under various control modes.
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approximately 1100 kWh, while the energy production priority strategy 
(DPS-EP) achieves approximately 1150 kWh, generating maximum 
electricity but accompanied by comparatively higher cooling loads.

Sensitivity analysis reveals that control strategy selection can impact 
net energy consumption by up to 10%, emphasizing the importance of 
user-adaptive optimization matched to building priorities. For 

applications prioritizing absolute energy minimization, integrated 
optimization provides optimal performance. For applications priori
tizing occupant experience, the daylighting priority provides superior 
environmental quality at a modest energy penalty. The ability to adjust 
objective weightings enables a single hardware system to serve diverse 
applications by reconfiguring control priorities through software. The 

Fig. 13. Annual lighting energy conservation.

Fig. 14. Photovoltaic power generation and space net energy use.
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approximately 1050 kWh annual net consumption for integrated opti
mization represents roughly 48% of the baseline 2200 kWh, represent
ing a substantial improvement over the unshaded case. The remaining 
energy gap could be closed through additional strategies including 
improved envelope insulation performance, high-efficiency HVAC 
equipment, or expanded PV deployment on other building surfaces.

5. Discussion

This study presents a comprehensive framework for high-degree-of- 
freedom photovoltaic shading devices integrated with data-driven 
reactive control, achieving unprecedented performance in balancing 
competing building objectives. The results demonstrate substantial ad
vancements across all metrics: 52% net energy reduction, sUDI 
improvement from 0.23 to 0.79, near-complete glare elimination 
(sDGP=0.95), and 850 kWh annual generation. These outcomes validate 
the hypothesis that sufficient geometric flexibility combined with 
intelligent control can approach optimal solutions across multiple ob
jectives simultaneously.

5.1. Technical innovations and performance implications

The many possible configurations of the proposed PVSD system 
represent a paradigm shift from conventional shading systems that 
typically offer fewer than 10 discrete states. This enhanced geometric 
flexibility translates directly into measurable performance improve
ments: 52% reduction in net energy consumption compared to 41% for 
fixed systems, and the ability to maintain sUDI above 0.6 for 79% of 
occupied hours. The dense configuration space enables optimal solu
tions that minimize trade-offs, as evidenced by the integrated optimi
zation strategy achieving 92% of maximum PV generation while 
maintaining superior daylight and glare metrics. To evaluate the 
advancement of the proposed approach, Table 8 compares key perfor
mance metrics with representative PVSD control studies from literature.

The comparison reveals several key advantages of our approach. 
First, the 255 effective configurations substantially exceed conventional 
systems while remaining computationally tractable, enabling fine- 
grained optimization across the feasible design space. The Random 
Forest surrogate models achieve high prediction accuracy exceeding 
that reported in comparable data-driven studies, attributable to the 
comprehensive training dataset of 1126,335 samples and the stratified 
validation approach. Moreover, the millisecond-level inference time 
enables real-time optimization that is three to four orders of magnitude 
faster than simulation-based approaches, making hourly control updates 
practically feasible. The demonstrated weather robustness with only 2% 
performance degradation under variable conditions represents a critical 
advantage for deployment in climates with frequent weather variability.

The development of data-driven models for sUDI and sDGP predic
tion represents a crucial enabler for real-time optimization. Traditional 
daylight simulation requires minutes to hours for accurate analysis, 
while our machine learning approach, achieving R² of 0.984, reduces 

prediction time to milliseconds. This computational efficiency enables 
the ROC system to evaluate hundreds of potential configurations within 
each control timestep. By predicting spatial distributions rather than 
point measurements, our system identifies configurations that provide 
uniform conditions throughout the occupied space, addressing a critical 
limitation of sensor-based control strategies.

The choice to focus on near-window area sDGP for model training 
addresses both statistical and practical challenges. As shown in Table 4, 
the whole-space sDGP exhibits right-skewed distribution unsuitable for 
machine learning, while near-window metrics show better statistical 
properties. This approach ensures control decisions address the most 
problematic glare areas while achieving robust model performance, 
providing a methodological contribution applicable to other building 
control applications where spatial heterogeneity creates modeling 
challenges.

5.2. Climate adaptation and comparative advantages

The Shenzhen case study reveals important considerations for sub
tropical PVSD deployment. Minimal heating requirements (negligible as 
shown in Fig. 14b) eliminate winter solar gain considerations that 
complicate control in temperate climates, allowing year-round prioriti
zation of cooling reduction and glare control. This explains why dy
namic systems achieve relatively modest summer improvements over 
fixed shading (18% versus 12% cooling reduction). The fixed horizontal 
configuration can be optimized specifically for cooling season without 
winter penalties. However, the high cooling demands and intense solar 
radiation create ideal conditions for PVSD technology, with 850 kWh 
annual generation representing approximately 41% of total energy 
consumption, demonstrating natural synergies between peak cooling 
demands and peak solar availability.

Compared to baseline control strategies evaluated in Table 7, ROC- 
IO achieves 24% energy savings beyond the best alternative while 
demonstrating superior robustness with only 2% cloudy-day degrada
tion versus 22% for schedule-based control. This 10-fold improvement 
in weather adaptability validates the value of real-time optimization 
versus predetermined strategies. The comparison reveals critical limi
tations of conventional approaches: RBC achieves only 69.6% of ROC's 
savings due to fixed thresholds unable to adapt seasonally; SBC produces 
the worst daylighting (sUDI=0.38) from reactive over-shading; and 
OSC, while performing well under typical conditions (82% of ROC 
performance), exhibits 22% degradation during atypical weather when 
pre-computed schedules become suboptimal.

The integrated optimization strategy's ability to achieve near- 
maximum PV generation (96% of theoretical) while maintaining supe
rior comfort metrics reveals fundamental compatibility between objec
tives during peak periods. Geometric analysis shows that summer 
midday optimal shading angles (60–75◦ for sDGP>0.90) differ only 
10–15◦ from optimal generation angles (75–85◦ perpendicular to sun), 
creating minimal generation penalty. This compatibility explains why 
DPS-IO allocating only 25% weighting to generation achieves 96% of 

Table 8 
Comparison of proposed ROC framework with existing PVSD control approaches.

Study Control Method Design variable of PVSD morphology Prediction R² Computation Time Energy Savings

Baghoolizadeh et al. 
[55]

Multi-objective 
optimization

Tilt angle 0.99 (annual electricity 
consumption)

N/A 10–2% energy 
consumption

Liu et al. [46] Adaptive control 
model

Number of PV panel layers, tilt angle, PV 
panel width ratio

N/A Hours (offline) 48.7% cooling+lighting

Taveres-Cachat 
et al. [40]

Multi-objective 
genetic algorithm

Angle of louvre blades, Z coordinate of the 
center point of each individual blade

N/A (simulation) Hours per optimization 7–20% more PV 
conversion

Baghoolizadeh et al. 
[56]

Multi-objective 
optimization

Tilt angle N/A (simulation-based) N/A (simulation-based) 17–34% electricity cost

Miraba et al. [57] Multi-objective 
genetic algorithm

Tilt angle N/A (simulation-based) N/A (simulation-based) 22% building energy 
consumption

This study Reactive optimal 
control with PSO

Shading position, shading tilt angle 0.984 (sUDI), 0.982 
(sDGP)

8 ms prediction, 240 ms 
optimization

52% net energy
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DPS-EP's maximum since the objectives naturally align during the 35% 
of daily generation occurring at midday. However, optimized PVSDs 
frequently adopt closed configurations under high solar angles due to 
self-shading effects (15–25% losses during low altitude periods). While 
increased panel spacing could reduce mutual shading, it would decrease 
total PV area proportionally, revealing a fundamental trade-off between 
coverage and efficiency inherent in multi-element systems.

The robustness to weather variability deserves particular attention 
for Shenzhen's subtropical monsoon climate, which experiences 
frequent cloudy and partly cloudy conditions especially during the 
monsoon season from April through September. Under the cloudiness 
conditions of TMY, the ROC-IO strategy maintains consistent perfor
mance because it responds to actual measured irradiance rather than 
assuming typical clear-sky patterns. Table 7 quantifies this advantage: 
ROC-IO exhibits only 2% performance degradation on cloudy days 
compared to clear days, while Optimized Schedule Control degrades by 
22% because pre-computed schedules assume solar availability that 
does not materialize. The practical implication is that building operators 
can deploy the ROC system with confidence that performance will 
remain stable across the full range of weather conditions encountered in 
subtropical climates.

5.3. Limitations and future directions

First, the single-zone model could simplify real building complexity. 
Multi-zone buildings with varying orientations and occupancy patterns 
require extended control frameworks with hierarchical architectures 
coordinating between spaces. The reliance on TMY weather data may 
not capture extreme events becoming more frequent with climate 
change, suggesting need for robust control strategies explicitly consid
ering prediction uncertainty. The study demonstrates uncertainty 
quantification which ROC incorporates through increased penalty 
weighting when σ>0.05, but more sophisticated stochastic optimization 
methods could further enhance robustness.

A notable limitation of this study is the absence of physical validation 
against field measurements. Our simulation approach relies on the 
established accuracy of ClimateStudio and EnergyPlus, which have been 
validated extensively in prior research, rather than site-specific cali
bration. The Ideal Loads Air System with adiabatic boundaries further 
simplifies the thermal model. While these approaches are appropriate 
for proof-of-concept studies comparing control strategies, future 
implementation in actual buildings should incorporate commissioning 
measures to calibrate models for specific facade orientations, glazing 
properties, and HVAC system characteristics. Validation protocols 
following ASHRAE Guideline 14 for energy models or IES LM-83 for 
daylight models would strengthen confidence in absolute performance 
predictions. Nevertheless, the relative performance improvements 
demonstrated between control strategies are expected to persist across 
calibrated models, as these improvements stem from fundamental 
physical principles governing solar geometry and daylight distribution.

User preference analysis reveals that weighting allocation can shift 
annual consumption by 10%, highlighting the importance of adaptive, 
user-centric control beyond the fixed strategies evaluated. Future work 
should explore hybrid strategies incorporating user feedback through 
reinforcement learning, enabling automatic adaptation to implicit 
preferences revealed through manual override patterns. Variable- 
spacing PVSD designs optimizing the coverage-efficiency trade-off 
merit investigation—preliminary analysis suggests removing every 
other louver with 0.30 m spacing could reduce self-shading losses from 
15% to 5% but would halve PV area, requiring optimization of this 
discrete design parameter alongside continuous control variables. 
Moreover, we believe that integration with weather forecasting could 
enable anticipatory control extending beyond the single-step horizon 
currently implemented. Multi-step ROC would allow predictive strate
gies such as pre-cooling during low-solar morning hours in anticipation 
of afternoon heat, potentially reducing peak loads 8–12% based on 

preliminary simulation. However, forecast uncertainty beyond 6–12 h 
limits practical horizon length, and computational requirements scale 
linearly with horizon (e.g., 24-step would require 5.76 s versus current 
0.24 s), necessitating careful cost-benefit analysis.

The successful demonstration in a subtropical climate suggests po
tential for global deployment with climate-specific tuning. Temperate 
climates requiring heating would benefit from seasonal strategy 
switching, such as maximizing solar gain in winter while maximizing 
shading in summer, while arid climates with extreme solar radiation 
could achieve even greater cooling reductions. Urban-scale deployment 
transforming facades into active energy infrastructure could contribute 
to grid stability through distributed generation and demand response, 
though this requires investigation of aggregation control strategies 
coordinating hundreds of buildings. Further investigation on the system 
economics of the proposed system, including various power generation 
and energy management scenarios, will be of interest to be conducted in 
the future.

When it comes to practical application, for multi-window scalability, 
the ROC framework can be extended through hierarchical control ar
chitectures where individual window controllers optimize local objec
tives while a supervisory layer coordinates facade-level performance. 
The computational efficiency of our approach supports this scalability, 
as a typical floor with twenty windows could be optimized within 5 s 
using parallel processing. Regarding Building Management Systems 
(BMS) integration, the framework outputs standard control signals 
(position and angle setpoints) compatible with conventional building 
automation protocols such as BACnet or Modbus. The trained surrogate 
models require minimal computational resources (45 MB memory) 
suitable for edge deployment on standard building controllers. In 
addition, lifecycle assessment and prototype testing are valuable di
rections for future research. LCA would quantify embodied carbon of 
PVSD components against operational energy savings, while physical 
prototypes would validate the mechanical reliability of the high-DOF 
actuation system under real-world conditions.

6. Conclusion

This study successfully developed and validated a transformative 
approach to building envelope design through high-degree-of-freedom 
photovoltaic shading devices with intelligent data-driven control. The 
proposed system addresses critical limitations in existing PVSD tech
nology by integrating mechanical innovation with 255 feasible config
urations through combined ±0.14 m translation and 0–90◦ rotation 
after collision exclusion, advanced modeling (Random Forest achieving 
R²=0.984 with 8 ms inference), and real-time optimization (ROC with 
PSO balancing four competing objectives). Comprehensive evaluation in 
Shenzhen's subtropical climate demonstrated exceptional performance 
improvements validating the hypothesis that sufficient geometric flexi
bility combined with intelligent control can approach Pareto-optimal 
solutions.

The key innovations and findings of this research include: 

• Daylighting quality transformation: sUDI increased from 0.23 (un
shaded) to 0.79 (DPS-DL), representing 243% improvement, with 
near-complete glare elimination (sDGP=0.95) achieved across all 
seasons. The system maintained useful daylight for 79% of occupied 
hours compared to 23% baseline, while preserving visual connec
tivity (OF=0.70 for integrated optimization).

• Energy performance breakthrough: Net energy consumption reduced 
52% from 2200 to 1050 kWh annually, substantially exceeding fixed 
shading (41% reduction). This combines 12.6% cooling load reduc
tion, 22% lighting energy savings, and 850 kWh annual PV gen
eration—approaching net-zero performance for the test space.

• Multi-objective optimization success: The integrated strategy (DPS-IO) 
achieved 92% of maximum PV generation (780 kWh versus 850 kWh 
theoretical) while simultaneously delivering superior daylighting 
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(sUDI=0.67) and glare control (sDGP=0.95), demonstrating that 
adequate geometric freedom minimizes traditional trade-offs be
tween competing objectives.

• Computational efficiency enabling real-time control: Significantly 
reduced performance prediction by machine learning surrogate 
models enables rapid PSO optimization, which is suitable for hourly 
ROC updates. The observed speedup distinguished the approach 
from simulation-based methods, achieving 24% energy savings 
beyond the best baseline strategy.

Future research directions should address the identified limitations 
and explore broader applications. Extension to multi-zone buildings 
requires hierarchical control architectures that coordinate between 
spaces with varying requirements. Integration with weather forecasting 
services could enable anticipatory control strategies that prepare for 
incoming conditions. Investigation of variable-spacing louver designs 
may better optimize the trade-off between mutual shading and genera
tion capacity identified in our analysis. This work represents a signifi
cant step toward truly responsive architecture where building envelopes 
dynamically mediate between interior requirements and exterior con
ditions while generating renewable energy. The convergence of 
advanced materials, intelligent control, and data-driven optimization 
demonstrated in this study opens new possibilities for sustainable 
building design that enhances rather than compromises between human 
comfort and environmental performance.
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