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Abstract: Daylight is an important factor that significantly contributes to patients’ healing, with a
reduction in the length of stay in the hospital. It can strongly affect energy consumption negatively
or positively through lighting control strategies. Therefore, the case of healthcare buildings is very
particular and sensitive, especially under extreme climate conditions as in hot and arid regions. The
present study aims to determine a balance between daylight use and energy consumption through a
parametric-based optimization of the external shading system in a typical hospital room in Biskra.
This paper demonstrates how the implementation of parametric design with evolutionary algorithms
is considered a reliable strategy to reach optimum solutions in building performance problems. The
daylight performance is investigated based on multi-objective optimization to minimize the Energy
Use Intensity “EUI”, while maximizing Spatial Daylight Autonomy “sDA” and Useful Daylight
Illuminance “UDI”. A simulation model was developed via Grasshopper, which was employed with
the use of Ladybug, Honeybee, and Octopus plug-ins. The results revealed that the adaptive facade
system can improve indoor daylight levels and energy performance simultaneously compared to the
conventional shading system. The presented framework may be used as a reference model, which
can enhance opportunities to solve complex design problems in the early design stages and suggest
recommendations for sustainable building design.

Keywords: parametric analysis; multi-objective optimization; daylight; energy consumption; hospital
building; hot and arid climate

1. Introduction

Hospital rooms are sensitive areas for research in buildings’ environmental design,
whether it be through patient observation and treatment or from the perspective of building
studies. Daylight and an outside view allow the patients to heal significantly, decreasing
both pain and the length of stay in hospitals. Few studies deal with the performance of
daylight related to the thought behind architectural components in healthcare facilities.
Indoor environments in healthcare buildings are particularly critical for patients’ well-being.
Generally, the windows of patient rooms in hospitals have the same size and volume of
space regardless of the orientation and daylighting conditions [1]. Daylight performance
in buildings attempts to optimize the indoor environment, which provides comfortable
and attractive conditions with greater productivity, exploring whether the external facade
devices are designed correctly for optimal daylighting performance, especially in this
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typical study corpus “patient rooms” [2,3]. Numerous research studies have correlated
the relationship between medical errors and adequate light levels. Appropriate daylight is
important not only for the health of patients, but also for the staff in healthcare settings [4–6].

Building energy consumption around the world has increased dramatically in recent
decades, and it is continually increasing according to researchers’ expectations [7,8]. Given
the world’s energy crisis and climate change, the development of high-performance build-
ings and sustainable design has become a hot research topic. The principal goal is to reduce
energy consumption while maintaining occupant satisfaction and well-being in indoor
environments [8,9]. To assess the energy performance of buildings, the measured building
metrics must be compared to certain reference values. The Energy Use Intensity (EUI) is
one of these normalized metrics; it is the energy per square foot per year and is calculated
by dividing the building’s total energy consumption in the year by its total floor area [7–10].
A reduced EUI indicates that the building is performing better, and several internal and
external factors affect the energy consumption of buildings such as weather data, schedules,
and several types of buildings, which often have a higher EUI than others [8].

In building problems, designers are confronted with multiple conflicting objectives,
such as minimizing energy demand while maximizing daylight availability or thermal
comfort in buildings. Genetic algorithms have often been used for architectural targets
to solve this problem. Moreover, it is possible to simulate many possible outcomes more
effectively and thus makes using parametric design in architecture easier than before [11].
GAs are computational models based on the theory of evolution, which starts with a
population of possible solutions often based on a random selection of the chosen parameters.
To pass to the next generation of solutions, each individual solution needs to succeed and
determines how likely it is to be used to create offspring of the current generation [8–12].

Recent studies have focused on the parametric optimization approach of daylight and
energy performance in different building types [13–18]. These studies suggest the use of this
approach through optimization algorithms and simulation for seeking the optimum build-
ing schemes to change design parameters. Briefly, the findings from these studies showed
that the effect of daylight, besides reducing artificial lighting consumption, is influenced
by outdoor and indoor design parameters. Compared to other building types, there are
few studies on the optimization approach of healthcare facilities. Ahmed Sherif et al. [19]
conducted a study on the potential of using parametric workflows in the patient room case
study. It focuses on optimizing the geometry of the external facade of the patient room
to control solar penetration, thus improving the daylight performance of the angle and
position of the window. Wagdy and Shalaby [20] conducted another study based on a
parametric study, which tested the external and internal reflectors, as well as the ceiling
geometry. This framework combined daylight simulation with a genetic algorithm to deter-
mine the best reflector configurations for suitable daylight performance in Cairo. Hinkle
et al. [21] and Esteghamati et al. [22] carried out a study on the design exploration of build-
ing façades to optimize the energy demand use. These studies suggest solving complex
design challenges by considering a large number of alternatives in the early design stage.

Southern Algeria is a region characterized by a hot and dry climate, where the circum-
stances are difficult with a special type of weather, which is sunny and clear sky most of the
year, with rare rainfalls, desert winds, and extremely low humidity. The high temperature
presented a challenge to the designers due to the high levels of solar radiation. In the
summertime period, the highest temperature exceeds 40 ◦C in this region. Due to the
overall cooling energy demands, this leads to significant energy use in buildings. Heat
gain through openings constitutes a substantial factor of the cooling load, contributing
significantly to energy demand [23]. In this context, hospital buildings have the largest EUI
compared to other building types. In Algeria, there is a lack of studies related to architec-
tural attempts to control indoor daylighting and energy performance in healthcare facilities.
Hence, it is necessary to resolve problems of dissatisfaction with indoor environments in
these crucial buildings, and this study proposes more sustainable patient room designs that
suit the special conditions of such hot and dry locations.
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The ultimate aim of this study is to develop a parametric workflow based on a multi-
objective algorithm approach for an evaluation of building daylight and energy. Research
on health buildings’ performance optimization early in the design process is still insufficient,
and there is an important lack of recommendations and climate design guidelines for health
buildings. Daylight is a crucial element because of its variations during the day and
year, which is often neglected in health building designs. However, this concept is more
complex and requires exceptional research. This study in particular is conducted at a
hospital in patient rooms, as this is a critical case that needs specific research. Secondly,
this case study takes place in a hot and arid region where solar radiation causes excessive
overheating, glare, and discomfort. Lastly, the aim of this study is to reach optimal solutions
by integrating genetic algorithms and parametric workflow to find a healthier daylight
level in patient rooms, with optimum facade devices to avoid excessive heat gain and glare,
while also minimizing energy demand and maximizing daylight availability. The study will
attempt to clarify the approach of simulation-based optimization algorithms to evaluate
daylight performance in patient rooms with Grasshopper and Rhino software, which is
used to facilitate energy optimization of similar existing projects, as well as improve the
adequacy of the parametric approach in the early design stage.

2. Methodology

The study is divided into three principal parts: The experimental design (in situ
measurements), building performance simulation and validation (comparison with the
base case model), and parametric based-optimization. The first step of the study involved a
detailed field of measurements that were taken in the case study hospital rooms (described
in Section 2.1). These relevant data were then used to validate the simulation model and
were compared with the base case model (detailed in Section 2.3). Finally, the genetic
algorithms optimization step was performed via Ladybug and Honeybee Grasshopper
plugins, which constitute commonly accepted building simulation software [24]. Octopus
was another plugin used in Grasshopper to apply evolutionary algorithm problem-solving
in parametric design, which allows designers to reach many solutions and produce a variety
of optimal trade-off solutions for each goal. According to A.M.Y. Toutou [15], a Pareto front
is a tool that represents all alternatives in one single diagram, and the best solutions will be
produced through an objective function. The optimization process details are described
below in Section 2.4, with the results and discussion presented in Section 3.

In this paper, the Climate-Based Daylight Modelling (CBDM) metrics used were
Spatial Daylight Autonomy (sDA), Useful Daylight Illuminance (UDI), and Energy Use
Intensity (EUI), which were defined as three objectives necessary to improve the energy
and daylighting performance of a hospital room model. To incorporate these building
performance metrics into the validation and optimization steps, the time-varying illumi-
nance distribution was evaluated through a field of measurements after the definition of
the geometrical characteristics of the hospital room case study [25].

2.1. Case Study Description and the Experimental Campaign
2.1.1. Case Study Description

The case study is a patient room in the pediatric ward at Hakim Saadan Hospital
located in the city of Biskra. This city is situated in the southeast of Algeria. Its coordinates
are 34◦51′ N 5◦44′ E/34.850◦ N 5.733◦ E. It is defined by hot and dry weather with significant
temperature variations between day and night and between summer and winter. According
to the International Köppen climate classification, geographically, Biskra is part of the BWh
zone. In this location, where clear-sky and arid conditions with intense sunshine dominate
over the year, there is very low humidity due to rare precipitation [26].

The weather dataset file of Biskra city was extracted from the Climate One Building
website (epw) [27]. As seen in Figure 1, the average summer temperature in Biskra city
reaches over 40 ◦C in July, making it the hottest month, with nighttime temperatures falling
to approximately 20 ◦C [23,28]. The average temperature in winter is between 8 ◦C and
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15 ◦C in January (the coldest month). There is unified daylight dispersion and extreme heat
gain in hot climates, where buildings are directly exposed to solar radiation (Figure 2). This
may cause visual discomfort and excessive heat gain, as is the case of Biskra city.
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2.1.2. Building Case Study Description

Hakim Saadane hospital is located in the Northeast part of Biskra city, as seen in
Figure 3. It is a Public Hospital Establishment (EPH), which consists of six wards. The
hospital is an old building, characterized by 0.50 m thick walls and built with alveolar
terracotta bricks as detailed below in Tables 1 and 2 (which describe the building con-
struction materials of the hospital). The selected patient rooms for the study are located
in the Pediatric Ward, which has a rectangular plan with two floors: The ground floor is
distributed on the East/West axis and the first floor is spread over the North/South axis.
The first selected room is situated on the ground floor, which has a single opening side with
one window in the south, covering 10% of the room facade area, without solar protection.
The other two rooms selected for measurements are located on the first floor; however, their
orientation varies from the first patient room, with East and West opening orientations.



Sustainability 2022, 14, 12652 5 of 20

Sustainability 2022, 14, x FOR PEER REVIEW 5 of 20 
 

terracotta bricks as detailed below in Tables 1 and 2 (which describe the building con- 169 
struction materials of the hospital). The selected patient rooms for the study are located in 170 
the Pediatric Ward, which has a rectangular plan with two floors: The ground floor is 171 
distributed on the East/West axis and the first floor is spread over the North/South axis. 172 
The first selected room is situated on the ground floor, which has a single opening side 173 
with one window in the south, covering 10% of the room facade area, without solar pro- 174 
tection. The other two rooms selected for measurements are located on the first floor; how- 175 
ever, their orientation varies from the first patient room, with East and West opening ori- 176 
entations. 177 

 178 
Figure 3. Illustration of Hakim Saadan Hospital. (a) The location of the hospital; (b) a daytime photo 179 
of the hospital (Pediatric ward); (c) floorplans of the pediatric ward; (d) photos of patient rooms, 180 
interior and exterior. 181 

Table 1. Building construction materials of the hospital Hakim Sadaan—external and internal wall 182 
(Source: DTR. Regulation Technical Document booklet Ministry of Housing, Algeria). 183 

 Parameters Unit Exterior plaster coating Brick25-alveolar Interior plaster coating 

 T m 0.01 0.50 0.01 
 λ W/(m·K) 1.1533 0.31083 0.35111 

External wall D kg/m3 1700 720 1500 
 C J/(kg·K) 1000 794 1000 
 U-value (W/m2-K) 5.597 0.491 5.038 
 T m 0.01 0.18 0.01 
 λ W/(m·K) 1.35111 0.31083 0.35111 

Internal wall D kg/m3 1500 720 1500 
 C J/(kg·K) 1000 794 1000 
 U-value (W/m2-K) 5.038 1.335 5.038 

Table 2. Building construction materials of the hospital Hakim Sadaan—floor and roof (Source: 184 
DTR. Regulation Technical Document booklet Ministry of Housing, Algeria). 185 

Parameters Unit 
Floor Materials  

Flooring  Floating CALC1_T_N2 
slab 

Roof Materials 
Sealing Compression Steel Air Interior 

Slab cavity Plaster 
coating 

T m 0.20 0.10 0.30 0.1 0.05 0.03 0.30 0.02 
λ W/(m·K) 1.714 1.755 1.230 1.75 1.755 44.4 6.027e-2 0.351 
D kg/m3 2300 2300 1500 2300 2300 7800 1 1500 
C J/(kg·K) 700 920 800 920 920 510 1227 1000 

Figure 3. Illustration of Hakim Saadan Hospital. (a) The location of the hospital; (b) a daytime photo
of the hospital (Pediatric ward); (c) floorplans of the pediatric ward; (d) photos of patient rooms,
interior and exterior.

Table 1. Building construction materials of the hospital Hakim Sadaan—external and internal wall
(Source: DTR. Regulation Technical Document booklet Ministry of Housing, Algeria).

Parameters Unit Exterior Plaster
Coating Brick25-Alveolar Interior Plaster

Coating

T m 0.01 0.50 0.01
λ W/(m·K) 1.1533 0.31083 0.35111

External wall D kg/m3 1700 720 1500
C J/(kg·K) 1000 794 1000

U-value (W/m2-K) 5.597 0.491 5.038

T m 0.01 0.18 0.01
λ W/(m·K) 1.35111 0.31083 0.35111

Internal wall D kg/m3 1500 720 1500
C J/(kg·K) 1000 794 1000

U-value (W/m2-K) 5.038 1.335 5.038

Table 2. Building construction materials of the hospital Hakim Sadaan—floor and roof (Source: DTR.
Regulation Technical Document booklet Ministry of Housing, Algeria).

Parameters Unit
Floor Materials

Flooring Floating CALC1_T_N2
Slab

Roof Materials
Sealing Compression Steel Air Interior

Slab Cavity Plaster
Coating

T m 0.20 0.10 0.30 0.1 0.05 0.03 0.30 0.02
λ W/(m·K) 1.714 1.755 1.230 1.75 1.755 44.4 6.027e−2 0.351
D kg/m3 2300 2300 1500 2300 2300 7800 1 1500
C J/(kg·K) 700 920 800 920 920 510 1227 1000

U-value (W/m2-K) 3.480 4.406 2.062 4.40 5.038 5.85 0.194 4.406

2.2. In Situ Measurement Protocol

In the measurements, samples of the hospital rooms of each orientation were taken in
the Pediatric Ward. The measurements were defined depending on their configuration and
location in order to collect data for validation to verify and compare the daylight simulation
performance of the base case model and the simulated values. As shown in Figure 4, the
internal illuminance levels in the patient rooms were measured in a grid (1.0 m by 1.0 m) of
nine reference points, with each point located in the center of each square in the room at a
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height of 0.85 m. The illumination levels were assessed in the center of each square in the
selected room. The instrument used to measure the indoor illuminance was the Testo 480
Probe Lux (accuracy: ±5% ±10 d) (Figure 5). The on-site measurements occurred on one
day in December and one day in June (winter and summer period in 2020) between 08:00
and 16:00. According to the CIE standards, the sky conditions on these selected days of
measurement were clear and sunny [29,30].
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2.3. Model Validation

The parametric modeling of the geometry shape design was conducted using tools for
this part, which were Rhino and Grasshopper software, via integration with some plugins,
namely Ladybug and Honeybee, with a set of integrated software, such as OpenStudio,
EnergyPlus, Radiance, Daysim, used for daylighting and energy simulation. As shown in
Figure 6, the first case study block presents the whole mass of the Pediatric Ward geometry
in the hospital. Due to the simulation time and difficulties, a single-zone room sample
with dimensions of 3.0 m × 3.0 m × 3.20 m (length × depth × height) was chosen for the
simulation. The 3D model was developed in Rhinoceros according to the existing material
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characteristics of a building. Then, the EnergyPlus materials of the existing base case were
defined to adjust the basic parameters in Grasshopper. The exterior wall was composed
of alveolar bricks and windows with single glazing without shading devices, and Table 3
summarizes the physic-optical properties of the materials in the patient room; these values
are used as the input for the simulations.
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Figure 6. (a) Base case modeling design and situation of studied patient rooms in perspective and
top views in Rhino; (b) patient room model parameters in Rhino.

Table 3. Physic-optical properties of building materials used for the simulation model.

Rad Material Type
(Layers)

Reflectance/
Transmissivity *

White plaster 0.80
Interior plaster 0.80

Floor 0.40
Ceiling 0.80

Window wood 0.25
Glass material (Single glazing) * 0.90

* Transmissivity is only for Glass material.

The validation part is a fundamental step to determine the precision of the simulation
results, especially when dealing with daylighting performance simulation, due to the
difficulties of prediction accuracy. For daylight validation, there are a few documents in
the procedure to follow, which makes it difficult to determine the accuracy of errors, and
there is not a specific standard established by researchers. However, it is necessary to refer
to the recommendations of recent studies recognized worldwide that followed the same
approach in validation-related work [25]. The graph in Figure 7 describes the comparison
of illuminance measured and simulated values across the work plane. Firstly, to compare
the measurement data and the simulation results, it is necessary to calculate the relative
error (RE), which is used to evaluate the error accuracy and was calculated as:

RE =
(Mi− Si)

Mi
× 100% (1)

As shown in Table 4, the Mi is the measured illuminance value and Si is the corre-
sponding simulated illuminance value for each measurement point [25,29]. A percentage
of error less than 5% is necessary for energy and thermal validation [31,32]; however, for
daylight validation, previous studies have shown that 20–30% relative error in daylight
simulation results has been considered acceptable [33]. Table 4 describes the relative er-
ror values for most of the measurement and simulated illuminance values, which were
less than 20% in this study. The errors were thus considered acceptable according to the
recommendations of recent studies.
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Figure 7. Comparison of measured and simulated illuminance levels in the patient room cases.

Table 4. Measured and simulated illuminances calibration and Relative Error (RE) in December at
9:00 h, 12:00 h, and 16:00 h.

Time Room Measured Average
Illuminance

Simulated Average
Illuminance

Relative Error
(RE)

Room 1 475.33 493.77 −0.89
9:00 h Room 2 314.33 277.88 11.59

Room 3 428.22 477.44 −11.49

Room 1 730 820.22 −12.36
12:00 h Room 2 536.33 546.55 −1.91

Room 3 505,44 651.22 −28.84

Room 1 143.22 152.33 −6.36
16:00 h Room 2 134.44 135.66 −0.91

Room 3 132.66 128.33 3.26

For further comparison between the measured and simulated results, one more error
calculation was carried out, namely, the statistical mean bias error (MBE) (1) and the coeffi-
cient of variation root mean squared error CV (RMSE) (2) as mentioned in the ASHRAE
14-2014 guideline [34–36]. The MBE and CV (RMSE) are two statistical indices that de-
fine the similarity or difference between two values, which were used in this study for
illuminance comparisons of the measured and simulated data [33].

MBE =
∑n

i=1(Mi− Si)
∑n

i=1 Mi
× 100% (2)

where Mi is the measured value and Si is the simulated value at time interval I. n is the
total number of values used for the calculation and ȳ is the mean value of measured data.

According to Reinhart and Breton [35], if MBE is less than 15% and RMSE is less
than 35%, the results obtained are considered accurate. However, A. McNeil and E.S.
Lee [36] reported absolute values of MBE below 13% and RMSE below 23%. Reinhart and
Anderson [33] found that MBE ranged between 8 and 17%, while RSME ranged from 24 to
40%. In another study, Reinhart and Walkenhorst [37] found the MBE and the CV (RMSE)
were 20% and 32%, respectively. As shown in Figure 8, the obtained values for MBE and
CV (RMSE) in this study were −34.90% and 17.84%, respectively, in the first patient room,
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−15.18% and 21.08% in the second patient room, and −25.48% and 20.81% in the third
patient room. Therefore, in all cases, absolute MBE and RMSE were in the range of previous
studies’ values. These results show that the simulation method can accurately generate a
realistic model and is thus valid. Finally, without further calibration, the validation step for
the December period produced acceptable results for this model. This allows the use of
optimized indoor daylight performance strategies in terms of illuminance, which reaches
the recommended values.
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2.4. Multi-Objective Optimization
2.4.1. Design Process Based on Optimization Algorithm

The optimization objectives in this study were to minimize the Energy Use Intensity
(EUI) and achieve maximum spatial daylight autonomy (sDA) and Useful Daylight lumi-
nance (UDI). Figure 9 describes the algorithmic design process of software and plug-ins
coupled in the workflow; it was developed in Rhino/Grasshopper with the integration
of plugins to fulfill the objectives of this study. Rhino was used as modeling tool and
Grasshopper as a parametric design tool for daylight analysis and energy performance
applications. Furthermore, Honeybee and Ladybug were utilized as the main environmen-
tal plug-ins to obtain energy and daylight simulation feedback. Moreover, optimization
was carried out using a multi-objective tool to find the best design schemes, namely the
Octopus plugin. In Figure 10, the workflow described above illustrates the overall process
of the simulation framework. The Energy and Daylight Simulation module was performed
and is detailed below with the inputs coupled in this design. The EUI, sDA, and UDI
objectives of the samples were obtained in the module with the Octopus plugin using the
Pareto optimality theory with an evolutionary algorithm, which was used to acquire the
optimal schemes and parameters and output from the workflow design module.
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2.4.2. The Parametric Optimized Configuration

Focusing on the characteristics of the existing patient room in the Pediatric Ward, a Ki-
netic configuration (a generative performing facade design) was modeled with Rhinoceros
3D modeling software. To solve the visual discomfort problems, this was implemented in
the South orientation where light values higher than the values recommended by the three
room cases of field measurements exist. This means that the patients in the south-facing
rooms are more exposed to excessive light and glare. Thus, consideration must be given
to the impact of facade design features, including sun-shading devices, which should be
required in patients’ rooms to prevent glare and provide patients with adequate visual
comfort. Figure 11 describes the development of the facade geometry to reproduce various
kinetic configuration states between the unresponsive and adaptive states on three reacting
steps. It shows the responsive modules rotating from angles of 0◦ to 90◦. The modules
have an adaptive behavior, which allows all of the hexagonal cells on each symmetrical
axis to rotate regarding the sun’s position with a parametric algorithm. The aim of this
configuration is to acquire a strategy for a responsive shading device for patient rooms,
which was applied to a completely glazed southern facing room (WWR: 90%) and can be
applied in different building orientations. The kinetic facade design solution can ensure
sufficient indoor daylight without glare and discomfort. This “smart” facade automates
the modules to rotate with the sun’s position and create shade.

2.4.3. Parameters Adjusted during the Optimization Process

After the configuration load and schedule variables were assigned, the optional combi-
nation of parameters was adjusted during the optimization process. As seen in Table 5, the
parameters used in the optimization process were chosen for their potential to develop a
building performance simulation. Consequently, as there were manual adjustments of these
parameters detailed below, a multi-objective optimization process was performed using
the Octopus plug-in integrating these variables, which were divided into two categories:

• The fixed adjusting parameters: The glazing ratio, glass-type material, wall construc-
tion materials, and external kinetic module material.

• The adaptive adjusting parameters: The module’s rotating angle and width, the
module’s distance to glass, and the sun’s position angle axis depending on day, month,
and hour inputs.
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Figure 11. Parametric modelling facade development, kinetic configuration render in Rhino-
grasshopper software.

Table 5. Parameters integrated during the optimization process of the configuration model.

Decision Variables Settings Range

Glazing ratio Double glazed low-E (vacuum) 90◦

Glass type material Double glazed low-E (vacuum) [0, 2] a

Wall’s materials Double red brick with Isolation 1

Module Radiance Material [0, 1] b

The adaptive parameters Modules rotating angle [0–90◦]
Module distance to glass [1–50 cm]

Sun’s position angle [0–180◦]
a 0: Double pane-low emissivity with 64%; 1: Double pane-clear with 80%; 2: Single pane clear with 86%.; b 0:
Metal; 1: Plastic.

3. Results and Discussion
3.1. Base Case Building Simulation

Regarding the analysis of DF, the results show that most of the Daylight Factor values
in the patient room with the south-facing orientation are above 1% (the minimum recom-
mended level in a patient room) [6,38]. These values occur particularly in the points located
in front of the window (see Figure 12) due to the visual discomfort caused by the absence
of shading devices, therefore the excessive daylight and solar irradiation can be controlled
to lower than 1% with a shading devices system [39,40].

After the determination of the optimization objectives (sDA, UDI, EUI), and once
the simulation model had been validated, a base case analysis was carried out. The
results illustrate that the average value of sDA, which defines how much daylight of
300 lux is received by the indoor environment during more than half of its occupied hours
(300 lux/50%), is 44.3% [41,42]. This value was likely attained because there are no shading
devices located in the southern elevation. According to Ahmed Sherif et al. [19], the
sDA percentage should occur in approximately 75% of the total room area. Therefore,
the component used in sDA calculations is the window resource, which lets the majority
of direct and reflected sunlight pass into the room. With regard to UDI, which aims to
determine the percentage of the annual number of hours when illuminance is at a precise
point, it is reached by daylight within an acceptable range, as well as the total number of
occupied hours [43,44]. For patient rooms, the recommended UDI metric is between 100
and 300 lux; according to the recommendations, the maximum lighting level is 300 lux;
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for this case, the average UDI is 35.2% [45]. There is unequal distribution, and 70% of the
surface of the plane surface in the room acquires less than 30% UDI, whereas the areas
closest to the windows acquire UDI at levels of over 100%. Finally, regarding the EUI metric,
the results show that 158.1 Kwh/m2/year is the annual average of Energy Use Intensity
consumption for heating and cooling of the base case model. Compared to the other metrics,
the energy simulation achieved reasonable results due to the medium WWR ratio in the
southern elevation and the fact that a lower EUI indicates better energy efficiency. Thus,
the next step of the optimized model will be to minimize the EUI values.
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3.2. Optimized Model Simulation
3.2.1. The Objective Function

A multi-objective optimization framework was conducted to analytically assess differ-
ent building design parameters, using Spatial Daylight Autonomy (sDA), Useful Daylight
Illuminance (UDI) and Energy Intensity Use (EUI) as the main objectives of daylight and
energy performance. The objective function is used to represent any optimization problem,
which was calculated from the Pareto Front diagram performed using Octopus. According
to Konis et al. [38], the following fitness function, shown in Equation (3), was used to
precisely reach the optimum solutions in the Pareto front scheme, while in this case, the
SDA, UDI, and EUI are the objectives of this research. The two first objectives should be
maximized and the second one should be minimized.

y = (sDAi− sDAmin)C1− 1(EUIi− EUImin)C2 + (UDIi−UDImin)C3 (3)

where I is the result of iteration, min is the minimum value of the optimization set, and
max is the maximum value of the optimization set.
C1 = 100 ÷ (sDAmax − sDAmin); C2 = 100 ÷ (EUImax − EUImin); C3 = 100 ÷ (UDImax −
UDImin)

In this study, the values of the objective function were calculated for some solutions in
the Pareto front diagram, as shown in Table 6 (Section 3.2.2), which represent the optimum
solutions for the performance of daylighting and energy performance. The results of C1,
C2, and C3 are C1 = 2.60, C2 = 30.10, and C3 = 7.27, respectively.
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Table 6. Fitness function values and their characteristics of Pareto Front optimum Solutions.

Y sDA% UDI%
EUI

KWH/m2/Year Wall Construction Glass Material
Shading Device

Distance Angle

90.8 94.3 64.9 144.3 Double brick with air cavity Double glazed low-E (vacuum) 0.20 −45◦

87.8 94.3 64.9 144.4 Double brick with air cavity Double glazed low-E (vacuum) 0.20 −45◦

94.2 91.0 68.2 144.7 Double brick with air cavity Double glazed low-E (vacuum) 0.19 −45◦

94.5 91.1 68.2 144.7 Double brick with air cavity Double glazed low-E (vacuum) 0.19 −45◦

92.6 90.0 68.3 144.6 Double brick with air cavity Double glazed low-E (vacuum) 0.19 −30◦

99.5 84.7 69.6 144.0 Double brick with air cavity Double glazed low-E (vacuum) 0.16 −30◦

99.6 83.7 69.9 144.0 Double brick with air cavity Double glazed low-E (vacuum) 0.15 −30◦

97.6 90.6 70.5 145.1 Double brick with air cavity Double glazed low-E (vacuum) 0.18 −30◦

69.4 81.4 69.9 145.1 Double brick with air cavity Double glazed low-E (vacuum) 0.16 −30◦

62.8 76.3 70.8 145.1 Double brick with air cavity Double glazed low-E (vacuum) 0.14 −25◦

50.6 69.3 72.9 145.4 Double brick with air cavity Double glazed low-E (vacuum) 0.12 −15◦

51.5 68.0 73.5 145.4 Double brick with air cavity Double glazed low-E (vacuum) 0.10 −15◦

3.2.2. Pareto Front Scheme and Optimal Solutions

Pareto optimization is defined according to Yuan Fang [8] and is a solution to deter-
mine the trade-off front among each objective, also known as the Pareto front diagram [39].
In the Pareto optimization approach, to seek the best-qualified Pareto for analysis, there
are many generations of genomes (Solutions) that should be generated. In this study, as
shown in Figure 13, there are 15 generations produced; every generation contained 50 fitter
genomes than the previous ones. As seen in Figure 13, it can be noted that there is an
improvement in each generation compared to the previous one. The improvement occurs
for the values of sDA, UDI, and EUI, therefore, the objective function will also be increased.
The objective fitness function values (Y value) for the optimum solutions for the 15 genera-
tions in descending order are 99.6, 99.5, 97.6, 94.5, 94.2, 92.6, 90.8, 87.8, 69.4, 62.8, 51.5, and
50.6, respectively. Regarding the maximum value of sDA and UDI, in the first generation,
it was 73.38 and 70.11, respectively, and it increased significantly to 94.58 and 78.30 in the
last generation. However, for the minimum value of EUI, in the first generation, it was
158.2 Kwh/m2/year, while it reached up to 144.05 Kwh/m2/year in the last generation as
the optimum value of energy consumption.

After the optimization search of 15 generations, the Pareto front chart (see Figure 14)
showed a tendency of convergence among the 50 non-dominated solutions in the last
generation of Pareto. The figure shows 3D scatter, with sDA on the x-axis, UDI on the
y-axis, and EUI on the z-axis. Transparency squares in the Pareto diagram represent older
generations, and when the squares become darker, the number of iterations increases. The
solutions shown in red squares are non-dominated and indicate the optimal solutions,
while squares in green are dominated solutions [15,17]. The best solutions can be found in
squares nearest to the center. The genetic algorithm optimization process shows significant
benefits in multi-objective problem solving. Thus, the non-dominated solutions with higher
sDA and UDI values indicate a tendency to increase and a tendency to decrease EUI results.
This illustrates that the objective of this Pareto chart is to seek well-balanced design options
that maximize daylight performance and minimize energy cost. As shown in Table 6, a
number of solutions have been selected from the closest non-dominated solutions that
represent various optimized cases. All of these solutions of the Pareto optimal front and
their objective fitness function are calculated and listed below with all parameters and
simulation results.
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3.3. The Comparative Analysis Findings

To further understand the comparison between the objective value distribution of the
base case model and that of the non-dominated solutions (Table 6), a box plot is displayed
in Figure 15. The sDA and UDI values (unit: %) of the base case model remained stable
at the corresponding values of 44.3 and 35.2, respectively. However, for the sDA and UDI
results of non-dominated solutions, they were distributed across the range of 68.0 to 94.3%,
with a median value of 84.7% for sDA values, and 64.9 to 73.2% with a median of 69.9%
for UDI values. The EUI values (unit: Kwh/m2/year) of the base case model remained
static at 158.1. The EUI values of non-dominated solutions were evenly distributed across a
range of 144.0 to 145.4 Kwh/m2/year, with a median of 144.7 Kwh/m2/year. The results
revealed that the achievement of non-dominated solutions was better compared to the
original design, which confirms that the proposed approach was highly effective and
reliable. Through the evaluation of a typical patient room that was modeled based on the
original model characteristics, the results showed low levels of daylight throughout the day,
making the room highly reliant on artificial lighting and preventing hospitalized patients
from benefiting from daylight. However, the results from the optimization model showed
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an improvement in the performance of the dynamic facade compared to the existing case
study with an increase in sDA and UDI and lower energy consumption. These findings
illustrate how this dynamic shading system, when combined with other parameters such
as efficient glazing and wall construction materials, can enhance the daylight availability of
indoor environments in such a hot and dry region.
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3.4. The Absolute Optimum Solution

The relative optimal solution (the best fit) was selected from the non-dominated
solution set, which achieved high performance and tradeoffs among the three objectives
and achieved the highest fitness function score [15]. As shown in Table 6, the highest
fitness function reached was 99.6 (solution 7). During the last generation, it produced great
improvements for sDA, UDI, and EUI. sDA and UDI achieved values of 83.7 and 69.9%,
respectively, which is lower than the optimum daylighting solution values. Meanwhile,
the energy use intensity has a lower value with 144.0 Kwh/m2/year in the optimum
values of EUI. As seen in Figure 16, daylighting is analyzed in three different parametric
modules from unresponsive and responsive positions, which depend on the solar angle
and orientation parameters. The results indicate that the attached kinetic configuration
can reduce direct sunlight more than a non-shaded facade during occupied hours, while
maintaining the required level of indoor daylight above 50% across the work plane. This
means that the daylighting performance for patients is very suitable, especially because this
mechanism can be controlled automatically depending on the sun’s angle and orientations.
This means the parametric configuration can be used to generate patient room designs that
are effective and provide sufficient and comfortable daylighting.

3.4.1. Daylighting Optimum Solution

Figure 17 describes the distribution of the spatial daylight autonomy and useful
daylight illuminance in the patient room after the optimization process, with a considerable
improvement of sDA (300 Lux/50%) and UDI (100–300 lux) in the room. The optimum
solution in daylighting performance reached the highest value in the selected number of
optimum solutions; it achieved 94.5% for sDA average and 78.3% for UDI. In comparison to
the base case, these high values of SDA and UDI were achieved because of the integration of
the double-glazing low-E and the shading device configuration with a uniform distribution
of values. The results showed an increased daylight distribution in the case study, and
approximately 80% of the patient room surface achieved between 80% and 100% values of
UDI, which indicates an important improvement in daylight levels in the room.
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3.4.2. Energy Optimum Solution

As shown in Figure 18, the distribution of EUI over the year illustrates that the
highest energy consumption during the year occurs in June, July, and August, because
of the high temperatures in this hot and arid climate, which requires the use of cooling
systems. However, compared to the base case model, EUI decreased successfully with the
optimization model, from 158.1 Kwh/m2/year to 144.0 Kwh/m2/year, which shows a
14.1% improvement in the EUI value.
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4. Conclusions

From the analysis results, this paper has demonstrated that parametric workflow and
genetic algorithm optimization can be used effectively to generate an innovative facade
design of patient rooms that shows enhanced daylight performance in the early scheme
design stage.

First, this study assessed the quality of indoor daylight in a typical case study of a pa-
tient room in the Pediatrics Ward of Hakim Saadan Hospital in Algeria. The results showed
that the interior daylight performances in south-, east-, and west-facing patient rooms are
superior to the recommended values during the morning, particularly in the areas nearest
to windows. However, in the afternoon, the average illuminance levels are under the recom-
mended values in the depth of the room during summer (June measurements) compared to
winter, when there are higher levels due to the hot and arid climate. Meanwhile, the results
of the winter season (December measurements) illustrate low levels of daylight during
occupied hours, which cause the patient rooms to consume high amounts of artificial light
and prevent the patients from benefitting from daylight. This means that the south- and
west-facing patient rooms in the Pediatric Ward have an excessive illuminance level due to
the exposure to visual discomfort and glare, which can negatively affect patient health and
cause exhausting conditions.

Second, to improve daylight performance while reducing energy consumption, this
study conducted a multi-objective optimization model using Grasshopper and Rhinoceros
software to identify a great number of unique designs of shading devices that lead to the
maximization of daylighting performance and minimization of energy cost. The major
findings from this optimization process compared to the base case model revealed that the
performance of a dynamic facade system improved the conditions compared to options
without shading systems. It showed an increase in sDA and UDI, whilst minimizing EUI
and maintaining satisfaction in a glare-free, indoor daylight environment for patients.
The genetic algorithm approach used in this workflow gradually improved daylighting
performance during the optimization process through 15 generations. By the end of
the optimization process, 50 non-dominated solutions were defined, which included the
selected optimum solutions that all met the targeted criteria.

The study revealed how the integration and implementation of parametric analysis
with evolutionary algorithms can be considered a reliable strategy to reach optimum
solutions in building environmental performance problems for designers.
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Finally, the limitations include that this study only optimized a single patient room for
a specific case study. The optimization application prospect in buildings still needs to be
further improved. Future studies can examine a diverse range of optimization criteria by
combining thermal and energy indicators with visual comfort ones. Despite limitations, this
approach showed the potential to respond to changes with design alternatives and include
facade design solutions, leading to a substantial daylight performance improvement. This is
particularly important when dealing with this crucial case study in the patient room sample
where the physical environment has a great impact on patients’ health and productivity.
Therefore, improving patient health should be involved in all features of building design.
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