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ABSTRACT

Efficiently providing visual comfort and thermal performance in office buildings is critical for occupant well-being and
environmental sustainability. Dynamic facade systems play a key role in regulating daylight, glare, and energy use, and numerous
studies have investigated them. However, previous studies on dynamic facade control systems have primarily focused on either
daylight optimization, glare prevention, or energy efficiency, often neglecting integrated solutions that address these objectives
simultaneously. This study develops a hybrid framework that uses energy and lighting simulations, ANN-based surrogate
modelling, and multi-criteria decision-making to optimize the hourly angles of external horizontal louvers in an office space in
Yazd, Iran. A dataset of 3,200 daylighting samples and 25,740 hourly energy simulations is generated to train high-accuracy ANN
models for real-time performance prediction. Furthermore, four intelligent control strategies, fuzzy logic, brute force search,
weighted scoring, and Ev-based control, are implemented and compared against the conventional cut-off angle method. Results
demonstrate that all Al-based strategies outperform the baseline in enhancing daylight availability, reducing glare, and improving
energy efficiency. The weighted scoring system achieves the most consistent improvement across multiple performance indicators,
improving daylight performance (sDA) by 10.6%, reducing glare by 55.9%, and lowering total annual energy consumption by 7.3%.
The brute force search strategy maximizes daylight performance (48.4% sDA improvement) while maintaining effective glare
control. These findings confirm that data-driven, multi-objective control strategies, supported by ANN surrogate models, enable
real-time, adaptive facade operation, offering a scalable and energy-efficient solution for smart office buildings in challenging

climates.
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1.INTRODUCTION

Human activities have significantly increased greenhouse gas
emissions, driving substantial climate change impacts worldwide
[1]. Rapid urbanization and population growth have further
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intensified global energy demand, underscoring the need to
evaluate building energy use patterns to mitigate environmental
degradation [2]. By 2050, energy consumption for heating and
cooling in buildings is projected to rise by 7—40% relative to 2010
levels, highlighting the urgency of adopting energy-efficient
design strategies [3].

A widely adopted strategy to reduce building energy demand
involves regulating solar radiation through transparent fagades.
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NOMENCLATURE
Al Artificial Intelligence
ANN Artificial Neural Networks
DGP Daylight Glare Probability
Ev Vertical Eye Illuminance
Et Task Illuminance
kWh Kilowatt-Hours
LHS Latin Hypercube Sampling
NSGA-II  Non-dominated Sorting Genetic Algorithm II
PCM Phase Change Material
RrR? Coefficient of Determination
RBF Radial Basis Function
rUDI Ratio of Useful Daylight Illuminance
sDA Spatial Daylight Autonomy
UDI Useful Daylight Illuminance
WWR Window-to-Wall Ratio

In warm seasons, solar gains increase cooling loads, whereas in
cold seasons, harnessing solar radiation reduces heating demand
[4]. Beyond thermal performance, visual comfort is a critical aspect
of occupant well-being and overall environmental quality,
influenced by factors such as daylight availability, glare control,
and light uniformity [5]. While solar radiation provides valuable
natural lighting, the need for adequate daylight often conflicts with
thermal performance goals [4]. This tension underscores the
importance of kinetic shading systems capable of dynamically
balancing solar heat gains with visual comfort requirements [6].

Solar shading devices, such as adjustable horizontal louvers, are
commonly used to regulate solar heat gain and daylight penetration
into buildings. However, manual operation of these systems
frequently results in suboptimal performance due to inconsistent
user behavior. Occupants may adjust blinds based on personal
preferences, which may not align with energy-efficient or
daylight-optimized solutions. To overcome these limitations,
motorized shading systems are increasingly being integrated into
smart building automation frameworks [7].

Across the literature, automatic shading control is generally
classified into three major categories [8]:

e Open-loop control: Adjustments are made solely based on
external data inputs (e.g., sun position, outdoor illuminance) and
predefined thresholds, without real-time feedback from the
indoor environment [9].

e Closed-loop control: Incorporates continuous sensor-based
feedback from indoor conditions, such as illuminance,
occupancy status, and perceived glare, enabling responsive,
occupant-centred adjustments [10,11].

e Model-based control: Uses high-resolution simulations or
surrogate models (such as ANNs) to anticipate future
environmental conditions and optimize shading responses
accordingly. This method can enable accurate estimation of

indoor daylight and thermal conditions while maintaining

adaptability to changing occupant needs [8].

The existing literature on dynamic facade control can be broadly
categorized into three primary groups of strategies: (1) visual
comfort—driven methods, which prioritize daylight availability
and/or glare mitigation; (2) energy-focused approaches, which
aim to reduce heating, cooling, and lighting loads; and (3) AI-
driven and model-based control strategies, which employ
predictive algorithms, surrogate models, or optimization
frameworks to forecast indoor daylight, thermal loads, and glare,
enabling the selection of shading configurations that can enhance
comfort and energy performance.

1.1. Visual comfort—driven control strategies

A substantial body of research prioritizes glare mitigation and
daylight quality in shading control, emphasizing occupant well-
being. Toma et al. [12] implemented a cut-off—based strategy to
mitigate glare, achieving a 26.1% reduction in energy use and
removing the risk of glare. Conway et al. [13] applied an
illuminance-threshold flowchart method that improved visual
comfort while lowering cooling energy consumption by 25%.
Fallahi et al. [14] used origami-inspired geometry to reduce glare
significantly (DGP < 0.35) while maintaining adequate daylight.
Sommese et al. [15] introduced a light-responsive smart polymer
system inspired by the Gazania flower, which autonomously
modulates facade openness to improve glare performance and
enhance UDI/EUDI metrics. Brzezicki [16] tested a bi-sectional
kinetic shading system across diverse climates, achieving a 61—
148% improvement in visual comfort and validating the system
with both simulations and physical mock-up testing. Yunitsyna
and Sulaj [17] likewise used a biomimicry-based kinetic facade
shading system to improve visual comfort and daylight
performance of south-facing classrooms. Using ClimateStudio
simulations and occupant survey data, they evaluated sixteen
facade-operation scenarios and found that the best-performing
options substantially reduced glare risk while maintaining
adequate daylight availability for different studio activities. Their
work further highlights the value of adaptive, activity-sensitive
shading control in educational settings, where lighting needs vary
across drawing, reading, writing, and computer-based tasks.

1.2. Energy-focused control strategies

Another group of studies places primary emphasis on reducing
energy consumption, without considering glare risk or daylight
quality. Kang et al. [18] developed a multi-objective strategy for
reducing heating, cooling, and lighting energy loads, achieving
nearly 30% energy savings in simulations. Nicoletti et al. [19]
applied cut-off—based mechanisms to regulate solar transmittance
even under diffuse conditions. In another study, Nicoletti et al. [20]
investigated a solar shading control strategy based on IoT devices
to reduce energy requirements. The proposed system reduced
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cooling energy demand by about 50%, and it can reduce lighting
energy by up to approximately 30%. Ieracitano et al. [21] expanded
on Al-based louver optimization but did not explicitly incorporate
daylight or glare indicators into their model. More advanced
optimization techniques have emerged in recent years. Zhang et al.
[22] proposed an iterative, co-simulation-based approach
integrating Python and EnergyPlus, resulting in 7.3—12.5% energy
savings while still preserving acceptable visual comfort. Cekon et
al. [23] introduced a PCM-integrated double-skin facade that
reduced cooling loads by up to 20% and delayed peak temperatures
by 2 hours, demonstrating the potential of envelope-integrated
thermal storage systems. Fattah et al. [24] proposed a cactus-
inspired multifunctional bio-kinetic facade assessed through a
novel energy-simulation framework. Their results showed
improvements in cooling energy efficiency, CO. emissions, and
operational cost, with reported reductions ranging from 25% to
67% depending on opening angle and climate conditions.

1.3. Al-driven and model-based control strategies
Model-based control has emerged as a transformative direction in
adaptive facade management, enabling the
optimization of daylight, glare, and energy performance. Surrogate
models replace computationally intensive simulations, enabling
rapid and accurate prediction of daylighting and energy outcomes
for real-time control. Nicoletti et al. [7] applied an ANN model to
predict optimal louver configurations, achieving substantial
reductions in heating and cooling loads while improving UDI
performance. Yeon et al. [25] demonstrated that ANN-driven
internal louvers can outperform fixed-angle configurations by 20—
27% in total energy savings. Luo et al. [11] developed hybrid ANN—
RBF models for predictive control. Their approach reduced
discomfort glare to zero during test days, maintained acceptable
daylight conditions at 96% of workstations, and reduced lighting
demand by up to 77%. Experimental and comparative studies have
provided additional insights. Luo et al. [26] also introduced a
model-based control framework, integrating ANN models with
RBF-based optimization techniques. This system adjusts blinds to
improve visual comfort using a newly defined parameter, rUDI, to
ensure effective daylight utilization and prevent excessive glare. Yi
et al. [27] compared ANN-controlled louvers with SMA-driven
passive mechanisms, showing that Al-based systems deliver
superior responsiveness and thermal comfort compliance.

Recent studies have further extended model-based adaptive
facade control through multi-objective optimization, physics-
informed feature selection, and reinforcement learning. Manesh et
al. [28] developed a multi-objective control framework for a non-
conventional adaptive fagcade, using machine learning models such
as Extra Trees to predict Et and Ev. This approach employed NSGA-
II to balance glare reduction and daylight utilization in real-time,
offering a significant improvement over prior approaches
constrained to fixed geometries and single-objective control.
Takhmasib et al. [29] combined a hexagonal kinetic facade with

simultaneous

machine learning for real-time glare prediction using a dataset of
20,000 Radiance simulations. Other model-based approaches
include Shen et al. [11], who used surrogate numerical optimization
to achieve optimal facade states in under one minute, and
Tabadkani et al. [30,31], who developed preference-based fuzzy—
genetic systems and large-scale parametric evaluations exploring
thermal and visual comfort across multiple climates. Luo et al. [32]
further confirmed that solar altitude, azimuth, and direct
illuminance are the most influential variables for predicting Ev,
reinforcing the value of physics-aware feature selection for
predictive shading control. Li et al. [33] introduced a self-learning,
real-time reinforcement-learning control strategy that interacted
with the environment to find an optimal state for each facade
element. The proposed controller effectively maintained horizontal
and vertical illuminance within comfort range in 72.92% of test
points in occupied spaces, while keeping DGP below 0.35, a level
generally considered imperceptible. Wang et al. [34] used a two-
stage surrogate-based optimization framework, integrating
machine learning-based surrogate models with optimization
algorithms, to develop a kinetic fagade system. Performance
analyses showed improvements in daylight distribution, thermal
regulation, and glare mitigation.

Most existing studies on adaptive facade control optimize
daylighting, glare, or energy performance individually, with
relatively few addressing these objectives simultaneously. This
research presents an intelligent control framework that integrates
ANN-based surrogate models with multi-criteria decision-making
to jointly improve visual comfort, including daylighting and glare,
and energy efficiency. The framework dynamically adjusts external
horizontal louvers to enhance daylight availability, reduce glare,
and minimize total building energy use. Using these surrogate
models, four intelligent control strategies—fuzzy logic, brute force
search, weighted scoring, and Ev-based control—are developed
and tested for their ability to balance visual comfort and energy
demand.

The remainder of this paper is organized as follows. Section 2
describes the research methodology, including the case study,
simulation framework, and ANN modelling approach. Section 3
presents and discusses the results of the proposed control
strategies. Section 4 provides a comparative analysis of the control
methods. Finally, Section 5 concludes the paper and outlines
directions for future research.

2. METHODOLOGY

The primary objective of this study is to propose a simulation-
based platform for optimizing the orientation angles of external
horizontal louvers in an office space in Yazd, Iran, with respect to
two key performance indicators: visual comfort (including glare
and daylighting) and energy consumption. This optimization
occurs on an hourly basis throughout the annual occupancy period.
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Determining simulation settings

Defining the case model’s characteristics: dimensions & orientation, location,
occupancy schedule, shading system details, boundary conditions

Training artificial intelligence models

Simulating rUDI, Ev, and energy
consumption on an hourly basis

Training two ANN models to predict
rUDI, Ev, and energy consumption

Applying various control methods for optimizing louver orientation angles

brute force search, weighting method, ev-based control strategy

2 Different control methods for determining the optimal louver angle: fuzzy logic,

Evaluation of the proposed control strategies

other and in comparison with the cut-off angle control method from the
perspective of visual comfort and energy consumption

i Evaluating the performance of the proposed control strategies against each i

Fig. 1. Scheme of the methodology.

Fig. 2. Case study model.

To achieve this goal, a hybrid methodology is adopted,
integrating numerical simulations using Ladybug Tools, ANN-
based surrogate models for predicting daylight and energy
performance, and multi-criteria decision-making techniques to
adjust louver angles for optimal facade performance dynamically.
This integrated framework enables accurate, real-time control of
the kinetic facade system while significantly reducing
computational demands.

The overall research framework consists of four major stages:

o Simulation Setup: Defining the building geometry, shading
system characteristics, climate data, and boundary conditions.

o Training AI Models: Developing two separate ANN models to
predict: Daylight performance indices (xUDI and Ev) and Hourly
total energy consumption (cooling, heating, and lighting).

o Designing Control Strategies: Implementing four intelligent
control strategies to determine the optimal louver angle at each
time step.

o Performance Evaluation: Comparing the visual comfort and
energy efficiency outcomes of the proposed control strategies

against each other and with the conventional cut-off angle
control strategy.
An illustration of this framework is shown in Fig. 1.

2.1.Case study

The case study focuses on an open-plan office space with
dimensions of 6 m (width) x 8 m (depth) x 3.5 m (height), oriented
along a north—south axis and located in Yazd, Iran (Fig. 2). These
geometric characteristics are selected based on typical office space
configurations commonly used in Iranian office buildings. The
space features a south-facing window equipped with an external
kinetic shading system, with a WWR of 0.7, reflecting the prevalent
use of relatively large glazed areas in office facades to enhance
daylight availability. Occupancy schedules are defined from
Monday to Friday, between 08:00 AM and 05:00 PM, corresponding
to standard working hours in office buildings in Iran. This schedule
is integrated into the simulation process.
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15°

+60°

Solar altitudes not reaching fagcade

Fig. 3. Operational range of louver tilt angles.

Table 1. Case study characteristics.

65°

-40°

High-altitude sun rays to be blocked (warm season)

Parameters

Detail

Location

Space dimensions
Occupancy

Occupancy schedule
Window orientation
Height of window
WWR

Shading system
Number of slats
Width of slats
Distance between slats
Louver tilt angle range

Adjustment intervals

Yazd, Iran (Latitude: 31.90, Longitude: 54.29)
6 (width) x 8 (depth) x 3.5 (height) m
0.2 person/m2

Monday to Friday, 8:00 AM to 5:00 PM
South

2.6 m

0.7

Exterior horizontal louvers

13

20 cm

20 cm

—40°to +60°, in 10° increments

1 hour

This study focuses on horizontal louvers because they are widely
used in south-facing fagades.

Restricting the analysis to a single shading typology enables a
more controlled evaluation of the trade-offs among daylighting,
glare, and energy performance. Although the inclusion of multiple
shading archetypes could broaden the scope of the study, it would
also introduce additional variables that could obscure the isolated
effect of the control strategy. By keeping the facade typology
constant, the influence of the proposed control methods can be
assessed more precisely. The studied space is equipped with an
external shading system comprising 13 horizontal louvers, each 20
cm in depth, spaced at 20 cm vertical intervals. Louver orientation

can be adjusted hourly to dynamically respond to solar conditions
and occupant comfort needs, with all louvers moving in unison.
Louver tilt angles can vary within a range of —40° to +60°, in 10°
increments, resulting in 11 discrete positions. This angular range is
defined based on solar path analyses performed using Climate
Consultant software. The analysis is used to exclude louver angles
that would permit direct solar radiation during warm periods of the
year, when such penetration is undesirable due to its adverse
impact on both visual comfort and energy consumption. In
addition, angles below the winter solstice are removed from the
control domain. As a result, the selected angular range includes
only solar-relevant configurations, reducing the solution space
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Table 2. Energy simulation parameters.
Parameter Detail
Heating setpoint 21°C
Cooling setpoint 26°C
Heating setback 15°C
Cooling setback 32°C
Lighting power density 6.6 W/m2
Electrical equipment per area 10.5 W/m2
Ventilation per floor area 0.31/s.m2
Ventilation per person 3.51/s.ppl
[luminance set point 500 lux

RS

X

= 1

Fig. 4. Furniture placement and viewing direction.

while ensuring effective solar protection throughout the year (Fig.
3). Details regarding the spatial configuration and shading system
geometry are summarized in Table 1.

2.2.Simulation

Parametric simulations are conducted to generate datasets for
daylighting performance (Ev and rUDI) and energy consumption.
The simulation domain consists of 25,740 hourly configurations,
corresponding to all occupied hours of a year combined with the
discrete louver angle settings.

Due to the high computational cost of hourly daylighting
simulations, Latin Hypercube Sampling (LHS) [35] is used to select
3,200 representative samples from the complete set of
configurations. This number is initially selected based on
computational feasibility, and its sufficiency is subsequently
confirmed through ANN training and validation, as the trained
models achieve acceptable predictive accuracy. In contrast, energy
performance simulations are computationally less demanding;

therefore, energy consumption is simulated for all 25,740 hourly
configurations corresponding to the annual occupancy period.

The 3D building model is developed using Rhino, and
Grasshopper is utilized for parametric modelling. The Ladybug
Tools v1.8.15 plugin, comprising Honeybee and Ladybug, is used
within Grasshopper to conduct environmental simulations.
Daylighting analysis is performed using the Radiance engine, while
energy performance simulations are carried out using the
OpenStudio engine.

For the purposes of thermal simulation, all walls of the space are
modelled as adiabatic, except for the south-facing wall, which has
a thermal resistance (R-value) of 1.1 m>K/W. The glazing used for
the window has a thermal transmittance (U-value) of 3.1 W/m2K
and a solar heat gain coefficient (SHGC) of 0.55. For the daylight
simulation, interior surface reflectance values are set as follows:
walls at 0.5, ceiling at 0.7, floor at 0.2, and louvers at 0.35. The
visible light transmittance (Tv) of the glass is 0.71. These
characteristics of the building are determined in accordance with
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the requirements of Chapter 19 of the Iranian National Building
Regulations.

Daylight analysis settings in Radiance follow Chapter 19 of the
Iranian National Building Regulations, with ambient bounces (ab)
set to 6 and ambient divisions (ad) set to 1000. Energy simulation
settings follow ASHRAE 90.1 standards, as summarized in Table 2.

2.3. Simulation outputs
The outputs generated from the simulation process are:
daylighting performance indicators (rUDI500-2000 and Ev) and
hourly total energy consumption (cooling, heating, and lighting).

The UDI index is a daylight metric that calculates the percentage
of annual occupied hours during which the illuminance level at a
given point falls within an acceptable range [36]. This study
investigates real-time louver adjustments on an hourly basis, so a
dynamic version of UDI referred to as rUDI is adopted [26]. This
metric calculates the proportion of sensors located on the work
plane receiving illuminance between 500 and 2000 lux at each time
step, providing an instantaneous assessment of daylight quality
across the space.

The formula used to calculate rUDI is as follows:

rUDI = Sste-z000lux ) < 1jpp < 1 ()

Geotal
Where Gsoo-2000mux iS the number of sensors receiving illuminance

between 500 and 2000 lux and Giotal is the total number of sensors
placed in the space.

Ev is selected as the metric for assessing glare risk within the
space. Numerous studies have investigated the correlation between
Ev and visual perception by occupants, demonstrating that Ev
provides a reliable performance in predicting glare [37-39].
Additionally, computing Ev significantly
computational complexity than simulating more advanced glare
indices like DGP, making it a practical and efficient indicator for
assessing glare. Ev is widely adopted as a simplified criterion in the
control of dynamic shading systems [11,30,32].

According to Lue et al., the acceptable threshold for Ev can be
derived using the simplified Daylight Glare Probability (DGPs)
index proposed by Wienold [40]:

DGPs = 6.22 x 1075 * E, + 0.184 (2)

To avoid disturbing glare inside the space, the DGP value should
remain below 0.35. By applying reverse calculations based on this
criterion, the corresponding glare threshold for Ev is determined to
be 2670 lux.

In this study, Ev is simulated under the assumption that users'
line of sight is parallel to the facade, as is typical in office layouts.
The spatial arrangement considered in the simulation, including
furniture placement and viewing direction, is illustrated in Fig. 4 as
a common and widely used arrangement for office spaces.

To simulate Ev, a sensor grid consisting of 108 points was used.
The simulation considered two primary viewing directions:
eastward and westward, based on furniture layout and window
position. For each sensor point, two independent Ev values are

involves less

recorded corresponding to these two viewing directions. This
approach generated 216 output data points per simulation run (108
sensors x 2 directions). During the post-processing stage, the
maximum Ev value among the 216 recorded data points is extracted
for each hourly time step. Employing a sensor grid and calculating
the peak Ev at each time step ensures that variations in spatial
arrangements and furniture placements are adequately accounted
for.

For the rUDI and Ev simulations, sensor placement followed the
national guidelines outlined in Chapter 19 of the Iranian National
Building Regulations, which prescribe a sensor spacing of 60 cm
and wall offsets between 30 cm and 60 cm. For work plane
illuminance (rUDI), sensors were positioned 30 cm from the walls
to provide a representative assessment of usable daylight
distribution. For Ev measurements, sensors were placed 60 cm
from the walls to better represent the eye position of a typical
seated occupant and to avoid overemphasizing extreme glare
values near the fagade. The sensor placement details are
summarized in Table 3.

The hourly rUDI and peak Ev values are used to train the daylight
ANN model, enabling real-time assessment of daylight availability
and glare under dynamic shading control.

To evaluate the energy performance, the total hourly energy
consumption (cooling, heating, and lighting energy use) is
simulated in kilowatt-hours (kWh). This metric is used for training
the energy ANN model developed to estimate energy consumption
in this study.

2.4, ANN models

In this study, two ANN models are employed in Python using
TensorFlow and Jupyter Notebook to predict hourly daylight
availability, glare risk, and energy consumption, thereby enabling
the optimization of kinetic shading configurations at short time
intervals. These predictions are subsequently used to identify the
optimal louver angle at each time step.

ANN is a branch of Al that learns patterns from training data and
applies this knowledge to generate accurate predictions based on
new input data [41]. They have been widely used in building
performance assessment, and due to their high accuracy and
computational efficiency, ANNs have proven to be an effective
machine learning technique in this field [42,43]. ANNs consist of
multiple layers, each composed of processing units known as
neurons. Networks typically include an input layer that receives the
input data, hidden layers that perform internal computations and
feature extraction, and an output layer that produces the final
predicted output [44]. Two developed ANN models are:

o Daylight Model: to predict the hourly peak Ev and rUDI.
o Energy Model: to predict the hourly total energy use.
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Table 3. Sensor placement.

Metric Spaced Height above the floor Wall offset
rUDI 60 cm 80 cm (representing the work 30 cm
plane)
Ev 60 cm 120 cm (representing the average 60 cm
eye level of seated occupants)
Table 4. ANN models’ details.
Model Inputs Outputs
Parameter Range Parameter Range
Daylight Model EOFVerl?ftlg(lje g4t0°§° +60° rUDI 0% to 87%
olar altitude °to 81°
Solar azimuth 83°to 277° Ev 34 t0 41284 lux
Direct illuminance 010100243 lux
Diffuse horizontal illuminance 1546 to 49297 lux
Global horizontal illuminance 1566 to 105141 lux
Energy Model Louver angle —40°t0 +60° Hourly energy 0.07 to 4.01kWh
Hour of day 8:00 t017:00 consumption
Outdoor dry-bulb temperature —2.8°to 43° Celsius
Relative humidity 10% t0 100%
Direct solar radiation 0 to 993 Wh/m?
Diffuse radiation 18 to 462 Wh/m?
Global horizontal radiation 21t0 1038 Wh/m?

Although the energy performance of the space is simulated for
the entire year, an ANN-based model is developed to support
predictive control under varying conditions.
simulations provide a comprehensive dataset; however, real-time
facade control requires rapid energy estimation under conditions
that may differ from the simulated scenarios. The energy model
enables fast and reliable prediction of hourly energy consumption,
without the computational burden of running full simulations. This
approach is particularly essential for implementing intelligent
control strategies that require frequent decision-making and
adaptability throughout the year.

Table 4 represents the input variables of both ANN models.
Climate parameters are extracted from the EPW file
IRN_YA Yazd.Sadooghi.Intl.AP.408210_TMYxX.2009—-2023.

The annual

2.5. Control strategy

The control strategy applied to the horizontal kinetic louvers is
based on occupancy status. When occupants are present, louver
orientation is dynamically adjusted using the
intelligent control strategies. In contrast, when the space is
unoccupied, the louver angles are set based on seasonal conditions
and solar irradiation levels. In Fig. 5, the used control strategy is
illustrated.

After developing the Al models, four strategies are designed to
adjust louver angles dynamically. These strategies, which aim to
enhance visual comfort and energy efficiency simultaneously, are
introduced below and explained in detail in the subsequent
sections:

introduced

« fuzzy logic control
e brute force search
o weighted scoring
o Ev-based control

2.5.1. Fuzzy logic control
Fuzzy logic is a multi-valued reasoning approach that allows truth
values to range between 0 and 1, representing degrees of truth
rather than strict binary outcomes [45]. This makes it especially
useful in modeling complex systems where uncertainty and
imprecision are present. Introduced by Lotfi Zadeh (1965) [46]
through the theory of fuzzy sets, this method has been widely
adopted in intelligent control strategies for buildings [30,47,48].
Input variables are each categorized into three fuzzy sets: Low,
Medium, and High. The output is a performance score indicating
the suitability of a given louver configuration. Then, eleven if—then
rules are developed to assess and rank louver configurations. Key
principles include:
e Prioritizing glare reduction (Ev)
o Maximizing daylight availability (rUDI)
« Minimizing energy use
Example rule:
o If Ev = Low, Energy = Low, and rUDI = High — System
Performance = High
If glare exceeds acceptable levels (Ev > 2670 lux), the system
automatically downgrades the configuration regardless of other
indicators.
In the last stage, the Center of Gravity method is used to convert
fuzzy outputs into a numeric score between 0 and 100, enabling

2383-8701/© 2026 The Author(s). Published by solarlits.com. This is an open access article distributed under the terms and conditions of the Creative Commons Attribution 4.0 License.


https://creativecommons.org/licenses/by/4.0/

F. Baharlouei et al.

Journal of Daylighting / Volume 13, Issue 1/26 June 2026 355

direct comparison and selection of the best louver angle at each
time step.

2.5.2. Brute force search

The brute force search algorithm is a systematic and deterministic

method used in this study to identify the optimal louver angle

configuration. This approach every possible
configuration and selects the ones that best meet the objectives,

ensuring that no potentially optimal solution is missed [49].

In this study, the brute force search is applied following these
steps:

« Filtering by visual comfort: All configurations with Ev > 2670 lux
are excluded to avoid discomfort glare.

o Selecting for daylight availability: Among the remaining
configurations, the one with the highest rUDI value is selected to
ensure sufficient natural light.

» Optimizing for energy efficiency: If multiple configurations have
similar rUDI values, the one with the lowest energy consumption
is chosen.

evaluates

o Fallback mechanism: If all configurations exceed the Ev
threshold, the one with the lowest maximum Ev is selected to
minimize glare impact while allowing some daylight
penetration.

2.5.3.Weighted scoring

The weighted scoring Method is a widely used multi-criteria

decision-making (MCDM) technique. It is valued for its simplicity,

transparency, and ease of implementation in optimization

problems involving multiple conflicting objectives [50].

The process of finding the best louver angle involves three main
steps:

e Glare Filtering: All configurations with Ev > 2670 lux are
excluded from consideration to ensure visual comfort.

e Normalization: The remaining configurations are evaluated
using normalized values of rUDI and energy consumption to
allow fair comparison. Both metrics are scaled into the range
[0,1] using the formula:

x = X Xmin (3)
Xmax— Xmin

This ensures that both criteria contribute equally to the final

evaluation while preserving their relative ranking.

 Scoring Function: A weighted scoring function is developed to
balance daylight availability and energy use (Since higher rUDI
and lower energy use are desirable, the energy term is assigned a
negative coefficient to reflect this trade-off.):

S =0.5%rUDIyprm — 0.5 % Engrm (4)

Where:

¢ S:Final score

o rUDInorm: Normalized daylight index

e Enorm: Normalized energy consumption

The configuration achieving the highest score at each time step is

selected as the optimal louver angle.

In the base case, equal weights are assigned to rUDI and energy
consumption to represent a neutral design scenario in which both
criteria are treated as co-objectives. To evaluate this assumption,
additional weighting combinations were tested, ranging from
energy-dominant to daylight-dominant cases. The resulting
facade configurations were then compared using annual total
energy consumption, sDA, and mean Ev. The results revealed a
clear trade-off between energy performance and daylight
availability. Increasing the weight assigned to energy reduced
annual total energy consumption and mean Ev, but also decreased
sDA. Specifically, the daylight-oriented case (Energy/rUDI =
0.1/0.9) achieved the highest sDA (97%) but higher energy use
(2706 kWh), whereas the energy-oriented case (Energy/rUDI =
0.9/0.1) achieved the lowest energy use (2583 kWh) and lowest
mean Ev (2187), but at the expense of substantially lower sDA
(65%). The equal-weight case (0.5/0.5) yielded intermediate
performance (annual energy consumption of 2635 kWh, 73% sDA,
and mean Ev of 2315), and is therefore adopted as a balanced
reference scenario rather than a universally optimal weighting.
These findings indicate that the preferred weighting should be
selected according to project-specific priorities regarding energy
efficiency and daylight performance.

2.5.4. Ev-based control

The Ev-based control strategy, adopted from Lue et al., represents
an alternative method for dynamically adjusting horizontal louver
angles based only on Ev, an indicator of glare risk, without directly
considering energy performance. In this strategy, all louver
configurations resulting in Ev > 2670 lux are excluded from
consideration. Among the remaining options, the configuration
that yields the highest Ev value below the discomfort threshold is
selected. This ensures maximum daylight availability while
preventing visual discomfort,
satisfaction with indoor lighting conditions. In cases where all
available configurations produce Ev values above the threshold, the
one with the lowest peak Ev is chosen to minimize glare impact
while still allowing some level of daylight penetration into the
space.

thereby increasing occupant

2.5.5. Baseline control method: cut-off angle

approach
One of the most commonly used strategies for controlling
horizontal louvers is the cut-off angle method, which determines
louver orientation to prevent direct solar radiation from entering
the interior space [51-53]. This approach calculates the tilt angle of
the louvers based on the sun’s position, ensuring that sunlight is
fully blocked during intense solar hours.

The cut-off angle is calculated using the following formula [51]:

Beut-orr =90 =20 (5)

Where:

2383-8701/© 2026 The Author(s). Published by solarlits.com. This is an open access article distributed under the terms and conditions of the Creative Commons Attribution 4.0 License.


https://creativecommons.org/licenses/by/4.0/

F. Baharlouei et al.

Journal of Daylighting / Volume 13, Issue 1/26 June 2026

Fig. 5. Kinetic shading control strategy.
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Table 5. Architecture of the ANN models used for daylighting and energy prediction.

Model Details

Daylight Model

Energy Model

No. hidden layers

No. neurons in each layer
Activation functions
Training/validation split
Batch size

Learning rate

3

Layer 1: 512, Layer 2: 256, Layer 3: 64

Hidden layer: ReLU, Output layer: Linear

80% training, 20% validation

128

Initial LR: 0.005, Decay rate: 0.9, Decay steps: 50

3

Layer 1: 512, Layer 2: 256, Layer 3: 64

Hidden layer: ReLU, Output layer: Linear
80% training, 20% validation

128

Initial LR: 0.005, Decay rate: 0.9, Decay steps:

Optimizer Adam

Early stopping Patience: 20 epochs
Feature normalization StandardScaler
Total trainable parameters 153,154

100
RMSprop

Patience: 20 epochs
StandardScaler
153,601

o Beut-ofr: Cut-off angle of the louvers

e Q: Solar profile angle

The solar profile angle is computed as [52]:
Q= tanI(

tan Baititude
€0S(Bazimuth ~Osurface)

(6)
Where:

e Banitude: Solar altitude angle

e Bazimuth: Solar azimuth angle

e Osurface: Surface orientation angle (relative to south)

Although widely adopted due to its simplicity and intuitive logic,
studies have shown that this method alone is not sufficient for
comprehensive visual comfort control, as it neglects diffuse
daylight conditions and sky context [8]. Additionally, it does not
account for energy performance, focusing solely on blocking direct
sunlight.

In this study, the proposed intelligent control strategies are
compared against the cut-off angle method to evaluate their

effectiveness in improving both visual comfort and energy
efficiency. The comparison aims
incorporating daylight, glare risk, and energy consumption into
real-time facade control leads to significant improvements in
indoor environmental quality and building energy use.

to determine whether

3.RESULTS
3.1. ANN training

To develop high-performing surrogate models for predicting
daylighting and energy performance indicators used in louver
angle optimization, a hyperparameter tuning process is conducted.
ANN models are optimized using a grid search method that
systematically evaluates combinations of key architectural and
training parameters. The objective is to identify model
configurations that minimize prediction error while ensuring
strong generalization capability on unseen data. Performance
evaluation of ANN models is carried out using R? and MAE metrics.
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Fig. 6. Spatial distribution maps of UDI500-2000 for different control strategies.

Table 6. Mean UDI values across all sensors for different control strategies.

Control Strategy Fuzzy Logic Brute Force Search

Weighted Scoring Ev-based Control Cut-off Angle

Mean UDI £40% 50%

£41% £45% 35%

Table 5 presents the ANN architecture details for the best
daylight and energy prediction models.

The daylight prediction model aims to simultaneously predict
two daylight performance metrics: rUDI and Ev. R? and MAE are
calculated separately for each output variable to allow direct
comparison of model accuracy across both indices. The daylight
model with the highest overall accuracy is selected for integration
into the control framework, achieving an R? of 0.98 for rUDI and
0.80 for Ev. Although Ev shows slightly lower accuracy, likely due
to its higher variability and skewed distribution, the model still
provided reliable predictions suitable for real-time fagade control.

The lower R? obtained for Ev indicates that glare-related
predictions are less reliable than those for rUDI, which may affect
control strategies that rely directly on Ev, including the fuzzy logic,
brute force search, and Ev-based control approaches. In real-time
operation, this may occasionally lead to under- or overestimation
of glare intensity and, consequently, to less consistent facade
adjustments, particularly during periods of strong direct solar
exposure. This behaviour is likely related to the training data
distribution, in which low Ev values are more strongly represented
than high-glare cases. Accordingly, results related to Ev should be
interpreted more cautiously than those based on rUDI. Future work
could improve Ev prediction by enriching the dataset with more

high-glare cases and by exploring alternative architectures better
suited to temporally dynamic solar conditions, such as recurrent
neural networks (RNNs), including long short-term memory
(LSTM) networks.

In parallel, an energy model is trained to predict hourly total
energy consumption. The best model, which has the highest
performance among all tested models, achieves an R2 of 0.98 with
a low MAE, confirming its suitability for real-time energy
performance prediction.

3.2. Control strategies evaluation

3.2.1. Daylighting performance assessment

To evaluate the performance of control strategies in terms of

daylight availability, two key daylight performance indicators are

analyzed:

» UDI500-2000: The percentage of annual occupied hours during
which illuminance levels fall within the acceptable range of 500
to 2000 lux [36].

e sDA300/50%: The proportion of floor area that receives at least
300 lux for at least 50% of annual occupied hours [54].

These indicators are simulated using Ladybug Tools.
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Table 7. sDA values for different control strategies.

Control Strategy Fuzzy Logic Brute Force Search

Weighted Scoring Ev-based Control Cut-Off Angle

sDA 0.69 0.98

0.73 0.82 0.66
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[7] Fuzzy Logic M Brute Force Search [l Weighted Scoring [l Ev-based Control [l Cut-Off Angle

Fig. 7. Distribution of hourly maximum Ev (lux) during occupied hours throughout the year (The cross marker (x) indicates the average peak Ev for each

control strategy).

The performance of UDI500-2000 across different control
strategies is illustrated in Fig. 6 (spatial distribution maps) and
summarized in Table 6 (mean UDI values across all sensors).

Among the evaluated methods, the brute force search approach
achieves the highest performance, with a mean UDI500-2000 of
50%. This is followed by Ev-based control (45%), weighted scoring
(41%), and fuzzy logic (40%). By contrast, the Cut-Off Angle
method has the lowest performance (35%). Nevertheless, this
strategy provides the most uniform illuminance distribution across
the space, resulting in reduced spatial contrast compared to the
other control approaches.

The sDAsoo/50% metric across different control strategies is
summarized in Table 7. According to the results, the brute force
search method achieved the highest sDA value (0.98). This is
followed by the Ev-based control strategy (0.82), weighted scoring
(0.73), and Fuzzy Logic control strategy (0.69), showing lower
performance in daylight distribution. The cut-off angle method
yielded the lowest sDA value (0.66).

These findings demonstrate that all four AlI-based control
strategies introduced in this study outperformed the traditional
cut-off angle control strategy in terms of UDI and sDA.

3.2.2. Glare performance assessment

To evaluate the likelihood of glare occurrence in the studied space
using various louver control strategies, two key indicators are
employed: hourly maximum Ev and DGP. The Ev values are
calculated using the developed daylight model, while DGP is
simulated and computed using Ladybug Tools. During DGP

simulations, the observer’s viewing position is set at the middle of
the space, 2 meters from the window and 1.2 meters above floor
level (eye height), facing directly toward the window.

For the DGP index, the following classification is applied [55]:

o Values < 0.35: Undetectable or negligible glare
o Values between 0.35 and 0.4: Perceptible glare
o Values between 0.4 and 0.45: Disturbing glare
e Values > 0.45: Intolerable glare

Figure 7 presents the distribution of hourly maximum Ev values
across occupied hours throughout the year, comparing proposed
control strategies with the cut-off angle Method. The cut-off angle
method produces the highest variability and average peak Ev,
indicating a greater glare risk. In contrast, all proposed control
strategies significantly reduce peak Ev. Among them, Ev-based
control and brute force search most effectively constrain Ev near
the glare threshold, while weighted scoring achieves the lowest
average Ev.

The results indicate that four Al-based control strategies
outperform the cut-off angle method, which produces an average
peak Ev of 5255 lux, substantially exceeding the discomfort
threshold. Although the cut-off angle strategy blocks direct solar
radiation, it relies solely on geometric sun-position rules and does
not account for diffuse sky luminance or view-dependent vertical
illuminance at the occupant’s eye level. In the clear-sky climate of
Yazd, high diffuse daylight and reflected radiation can therefore
result in elevated Ev values even when direct sunlight is excluded.
In contrast, the proposed Al-based strategies explicitly incorporate
Ev into the control logic, enabling more effective glare mitigation.
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Fig. 8. DGP values on June 21st and December 21st at 9:00, 12:00, and 15:00 using different control strategies.

Table 8. Annual energy consumption (kWh) using different control strategies.

Control Strategy Fuzzy Logic Brute Force Search Weighted Scoring Ev-based Control Cut-Off Angle
Annual heating energy 118 120 122 125 107
consumption

Annual cooling energy 2404 2382 2289 2341 2493
consumption

Annual lighting energy 237 215 22/, 222 245
consumption

Annual total energy 2759 2717 2635 2688 2845

consumption

Figure 8 presents a comparative analysis of glare conditions
within the space using the DGP index, evaluated at 9:00, 12:00, and
15:00 on two specific days, June 21st and December 21st, under the
DGP analysis shows that, on June 21st, the cut-off angle method
achieves the lowest DGP values by almost blocking daylight, which
substantially reduces indoor daylight availability. In contrast, the
Al-based control strategies generally maintain DGP below 0.4—
corresponding to perceptible or undetectable glare—while
preserving daylight access. Among them, the fuzzy logic strategy
performs best on June 21st, achieving the lowest DGP values at 9:00
and 15:00.

On December 21st, the cut-off angle method performs poorly,
with DGP reaching 0.45 at 12:00. The fuzzy logic strategy also
shows weak performance, producing intolerable glare at 15:00. In
comparison, the brute force Search, weighted scoring, and Ev-
based strategies yield similar louver configurations and achieve
undetectable glare at 9:00 and 15:00, although disturbing glare
persists at 12:00.

Overall, the AI-based strategies provide a better balance between
daylight utilization and glare control than the cut-off angle
method, avoiding excessive daylight obstruction while maintaining
acceptable visual comfort, and are therefore more suitable for
dynamic fagade control in office spaces, regarding glare control and
daylight availability.

3.2.3. Annual energy consumption assessment

To evaluate the energy performance of the building using different
control strategies, the annual energy consumption for heating,
cooling, and lighting is calculated using the developed energy
model. Given the computational intensity and complexity of direct
energy simulations for kinetic facades, the trained ANN model is
employed to predict energy use efficiently. Table 8 compares the
results for the four Al-based control strategies and the
conventional cut-off angle method.
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Table 9. Performance improvement of AI-based control strategies relative to the conventional cut-off angle method.

Performance Indicator Fuzzy Logic Brute Force Search Weighted Scoring Ev-based Control
sDA 4.5% 48.4% 10.6% 24.2%
Average of hourly peak Ev 4,2.8% 53.6% 55.9% 51.7%
Annual heating energy -10.2% -12.1% -14.0% -16.8%
consumption

Annual cooling energy 3.5% 4.4.% 8.1% 6.0%
consumption

Annual lighting energy 3.2% 12.2% 8.5% 9.3%
consumption

Annual total energy 3.0% 4.5% 7.3% 5.5%
consumption

The cut-off angle strategy shows the highest total annual energy
consumption (2845 kWh). Although it minimizes heating demand
(107 kWh), it leads to the highest cooling (2493 kWh) and lighting
(245 kWh) energy use. In contrast, all Al-based strategies reduce
total energy consumption.

Among the data-driven control strategies, the weighted scoring
method performs best, achieving the lowest annual energy use
(2635 kWh), mainly through reduced cooling demand (2289 kWh),
which is critical in Yazd’s hot and arid climate. The Ev-based
control follows with 2688 kWh, while the brute force search
method achieves the lowest lighting energy consumption (215
kWh) with a total of 2717 kWh. The fuzzy logic strategy shows the
weakest performance among the Al-based methods (2759 kWh).

Overall, the results confirm that data-driven fagade control
strategies provide energy-efficient
conventional cut-off angle control for kinetic shading systems in
Yazd.

more alternatives to

4, DISCUSSION

The results demonstrate that integrating Al-based control
significantly enhances the performance of kinetic horizontal
louvers. Applying four intelligent optimization strategies—fuzzy
logic, brute force search, weighted scoring, and Ev-based control—
improves daylight availability, glare control, and energy efficiency
compared to the conventional cut-off angle method. Each strategy
exhibits distinct advantages in balancing these objectives, with
different levels of computational complexity and predictive
performance. Furthermore, the findings confirm the effectiveness
of ANN-based models in enabling accurate real-time facade
control, as the trained models achieve high predictive accuracy and
support rapid decision-making under dynamically changing
environmental conditions.

Table 9 summarizes the relative performance improvements of
the proposed Al-based strategies over the cut-off angle method,
based on sDA, average hourly peak Ev, and annual energy
consumption.

The weighted scoring system demonstrates the best overall
balance between visual comfort and energy efficiency. It achieves
approximately 56% improvement in glare prevention and a 10.6%

increase in sDA, indicating enhanced access to useful daylight while
minimizing discomfort. In terms of energy performance, the
strategy reduces annual cooling energy by 8.1% and lighting energy
by 8.5%, although heating energy increases by 14% due to reduced
solar gains during colder periods. Overall, total annual energy
consumption decreases by 7.3%, highlighting the method’s
effectiveness as a holistic control strategy.

The comparison confirms that data-driven optimization
strategies, particularly weighted scoring and brute force search,
can significantly enhance kinetic facade performance. These
strategies balance daylight access, glare prevention, and energy
use, offering a promising approach for intelligent building design.
In contrast, the cut-off angle method provides inadequate daylight
levels and can exceed acceptable glare thresholds. Its rigid focus on
blocking direct solar radiation neglects diffuse daylight and
occupant needs, resulting in suboptimal indoor environmental
quality.

These results support the integration of ANN-based models into
facade control systems. Such models enable dynamic, responsive,
and comfort-oriented shading adjustments. Combining machine
learning with multi-criteria decision-making creates adaptive
facades that respond intelligently to changing environmental
conditions.

Although this study focuses on horizontal louvers in an office
building in Yazd, the proposed hybrid framework has broader
methodological relevance. By integrating energy and daylight
simulations, ANN-based surrogate modelling, and multi-criteria
decision-making, the framework can be adapted to other kinetic
facade typologies, including vertical louvers, roller shades, and
more complex adaptive envelope systems, as well as to other
climates and building types. The transferable contribution of the
study therefore lies not in the specific numerical results, which are
context-dependent, but in the workflow used to generate
simulation data, train surrogate models, and compare control
strategies. Nevertheless, optimal control settings and the
magnitude of performance improvements should be re-evaluated
for each fagade type, building geometry, occupancy pattern, and
climate.
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5. CONCLUSION

This study presents an integrated framework combining numerical
simulations, ANN-based surrogate models, and intelligent control
strategies to optimize the hourly angle of external kinetic
horizontal louvers in an office space in Yazd, Iran. The framework
aims to simultaneously enhance occupant visual comfort (daylight
availability and glare control) and reduce total building energy
consumption, including heating, cooling, and lighting. A
comprehensive simulation database is developed using Ladybug
Tools, generating 3,200 samples via Latin Hypercube Sampling for
daylight indices and 25,740 hourly simulations for energy
performance. Two ANN models are trained to serve as surrogate
models: one for predicting daylight metrics and another for
forecasting hourly energy demand. These models achieve R2 values
of 0.98 for rUDI, 0.80 for Ev, and 0.98 for energy, enabling accurate
real-time control without the computational burden of full
simulations.

Four control strategies are developed and evaluated against the
conventional cut-off angle method: (1) fuzzy logic control, (2)
brute force search, (3) weighted scoring, and (4) Ev-based control.
The Al-driven strategies significantly outperformed the baseline in
balancing daylight availability and glare mitigation. The weighted
scoring system achieved the best overall balance, improving sDA by
10.6% and improving glare control by 55.9%, with a 7.3% decrease
in total energy consumption. The brute force search strategy
maximized daylight performance (48.4% sDA increase) and
improved glare control by 53.6%, reducing energy use by 4.5%. The
Ev-based strategy improved glare control by 51.7% and sDA by
24.2%, with a 5.5% reduction in total energy. In contrast, the fuzzy
logic control strategy showed the weakest performance with only
4.5%, £42.8%, and 3% improvement in sDA, glare control, and
annual total energy consumption, respectively.

Key contributions of this research include: introducing a hybrid
shading control methodology that integrates machine learning
with multi-criteria decision-making, demonstrating the feasibility
of ANN surrogate models, providing a comparative evaluation of
four intelligent strategies, and emphasizing the combined
consideration of glare, daylight, and energy metrics.

Limitations of this study include its focus on a single-zone,
south-facing office, the investigation of only one type of kinetic
facade typology, and the training of the ANN models for a specific
climate. Moreover, the findings have not yet been validated under
real-world conditions. In addition, although Ev was adopted as a
computationally efficient indicator for glare assessment, it
remains a simplified indicator and does not fully account for the
subjective nature of individual glare perception and sensitivity.

Future work should focus on physical validation, occupant-
centerd adaptive control, life-cycle assessment, multi-zone and
multi-climate applications, integration with building
management systems (BMS). The proposed framework could also
be extended by reconfiguring the input parameters for different
facade geometries and climate contexts to optimize context-

and

specific performance and further assess the scalability of these
data-driven control approaches. In addition, future efforts to
improve Ev prediction could explore alternative network
architectures, such as RNNs, including LSTM models. These
architectures are well-suited to sequential data and may better
capture the complex temporal dependencies that contribute to the
variations in Ev.

In conclusion, this study demonstrates that Al-driven, multi-
objective control strategies offer a superior alternative to the
conventional cut-off angle method for dynamic shading systems.
By striking a better balance between daylight quality, glare
mitigation, and energy efficiency, these strategies offer a
promising pathway toward more sustainable and occupant-
centred building operations.
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