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Abstract

We successfully built a model and application that was constructed using the Revit API to help the building designers
conduct the energy analysis by modifying the material of the elements, like walls, windows, roofs, and others. This work
has addressed the necessity of computerized design work for energy buildings, which was too time-consuming and
complex. With the built-in Revit API, the building designers can quickly calculate the energy usage in a building as early
as possible from the design stage. However, there was a drawback in our previous work: the building designers selected
parameters of materials using intuition and manual processing. In this study, we enhance the capability of previous work
with intelligent automation to do selection, analysis, and optimization based on several factors, like the low value of
Overall Thermal Transfer Value (OTTV) and Roof Thermal Transfer Value (RTTV) and the cost of materials. These
three factors are defined as the multi-objective functions of this study. We identified eight dimensions generated from the
list of materials used in a building, which led us to exploit particle swarm optimization (PSO) to find the optimum
solutions for the energy analysis. Here, we use the built model to generate parameters and a list of materials from the
library, and then we identify six items for OTTV and two items for RTTV as dimensions to run the multi-objective
particle swarm optimization (MOPSO). The solutions are presented using the Pareto Front, allowing the building
designer to focus on the set of efficient choices, including the tradeoffs within the solutions. We compared the
performance of the enhanced approach with previous work, yielding major improvements of 52.43% for OTTV and
44.51% for RTTV, resulting in a 23.82% improvement.

Keywords: Multi-Objective Optimization; Energy Efficiency Building; Sustainable Buildings; BIM; Decision-Making; MOPSO;
OTTV; RTTV; Material-Cost; Sustainable Buildings; Process Innovation.

1. Introduction

Optimizing the efficiency of the energy building always involves a multifaceted and complex process, such as
designing, managing, and fine-tuning the system, aiming to reduce energy consumption while maintaining comfort and
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operational performance. Various disciplines are integrated in this view, such as architecture, engineering, data
analytics, and smart technologies. The core objectives are to minimize the energy waste from heating, ventilation, air
conditioning (HVAC), electrical systems, and lightning without compromising the system functionalities. The
advanced building automation system (ABAS) plays an important role by continuously monitoring and adjusting
energy use in a real-time manner, enabling adaptive responses to change the occupancy, energy demand, and weather
conditions, which implies the system not only enhances the energy efficiency but also prolongs the equipment’s
lifespan and reduces the operational costs.

The difficulty in optimizing energy use arises when there are many variables to coordinate for optimal performance,
such as indoor climate, daylighting, ventilation, and human interactivity. All these areas of focus must be well-
connected for best results, and most of these utilize simulation and data analytics. The growing presence of Internet of
Things (l1oT) devices, such as sensors that offer highly granular data, allows building managers to truly utilize
predictive maintenance and demand-side management strategies. Smart buildings and smart environments will become
increasingly prevalent as buildings become more intelligent and responsive, but the emphasis will be on thorough
energy management strategies that lead to sustainability and adherence to green building practices and standards.
Ultimately, optimizing a building’s energy use is not just a measuring and technology issue, but rather the creation of a
smart environment that reacts dynamically to internal and external influences.

On the other hand, many revisions of the Multi-Objective Particle Swarm Optimization technique, MOPSO, have
been made, all aimed at improving its effectiveness when solving sophisticated multi-objective optimization problems.
As a metaheuristic algorithm, MOPSO has gained quite some popularity because of its ease of use, low cost, and high
effectiveness. It is a revision of the old Particle Swarm Optimization PSO, which is based on the collective movement
of birds and fish. MOPSO's main goal is to solve problems with several conflicting objectives by providing a rich set of
optimal solutions, which are known as the Pareto-optimal set. The implementation given in this case is straightforward
and does not require extensive resources, as well as efficient and compact. Thus, it can be used for multi-objective
optimization functions.

MOPSO addresses complex problems involving multiple, often conflicting objectives by providing a
comprehensive set of optimal solutions known as the Pareto-optimal set. Due to its efficiency and low computational
resource requirements, MOPSO can be readily integrated into Building Information Modeling (BIM) environments,
where multiple design parameters such as cost, energy efficiency, structural integrity, and space utilization must be
considered simultaneously. The integration of MOPSO into BIM workflows enables more effective optimization of
architectural and engineering designs, supports better-informed decision-making through data analysis, and generates
solutions that satisfy a wide range of project requirements and stakeholder expectations.

Numerous studies have focused on achieving sustainable building design through both passive and active strategies
[1, 2]. The advent of Building Information Modeling (BIM) technology has enabled sophisticated digital building
modeling with precise geometric and informational representations required throughout various project stages,
facilitating the development and refinement of the desired building structure.

The architecture, engineering, and construction (AEC) industries benefit significantly from BIM, as reported by
numerous researchers. These benefits include a unified data environment, streamlined design workflows, accurate cost
estimation, reduced time expenditures, and other advantages [3, 4]. In addition, BIM provides various analytical
capabilities that support design decision-making (DM) processes [5, 6].

Several investigations have been conducted to demonstrate how adopting sustainable design principles early in the
BIM process improves the efficiency and effectiveness of the project delivery process [7, 8]. It was also noted that
further research is needed to explore various design options to improve the evaluation of sustainability [9, 10].

Although BIM data can be gathered via computational algorithms for numerous sustainability assessments [11, 12],
it is evident that the DM process for sustainable building design, particularly in the very preliminary design phases,
can be aided by BIM. Based on the literature review, it is clear that this particular sustainable design increment,
Arianism, is a major contribution of BIM, as reported in [10, 13].

Previously Kurniawan et al. [14] built an application and a model that integrated with the Revit API so that the
building designers could do energy analyses by modifying the construction components like windows, walls, and
roofs. This allows building designers to conduct energy calculations during the design phase. On the other hand,
the new DM design for sustainable buildings hinges on many heterogeneous analysis for different construction
systems, like plumbing, power, and lighting systems. The model also examines building features such as
landscaping, parking, and the generation of renewable energy. Many studies have underscored that the new design
or pre-construction phases of a building provide the most sustainable development opportunities. In contrast, the
studies suggest that the DM design for building sustainably has been practiced in architecture, engineering, and
construction (AEC) during the later design phases.
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Inside this scope, implementing Multi-Objective Particle Swarm Optimization (MOPSO) for assessing a building's
energy efficiency provides a comprehensive and smart approach for evaluating the balance between thermal efficiency
and construction cost. Through the minimization of OTTV, RTTV, and material cost simultaneously, MOPSO
achieves the best possible design within project constraints and energy benchmarks, which enhances the economic
viability of the project. This method generates numerous, diverse, and Pareto-optimal solutions, which improves the
decision-making strategy in the preliminary design phases, thus offering a broader range of affordable and customized
options to the project, considering specific objectives set by the designers’ team. Moreover, more straightforward
evaluations of energetic efficiency using real-time adaptive calculations could greatly advance the development of the
building industry toward sustainable designs if MOPSO were incorporated into Building Information Modeling (BIM)
environments.

To determine the optimal design energy-wise, an extensive sensitivity analysis was performed for the key parameters
of the algorithm to confirm the flexibility and robustness of the MOPSO approach. The considered parameters include
their cognitive and social factors, which were both set to 1.4. Continued by inertia eight in the range of 0.9 -0.4, with
random values being monitored as well, setting 0-1. The next parameters include 20 for the number of particles and
400 as a maximum iteration count. These parameters, as well as the control parameters of the MOPSO, were integrated
within the sensitivity analysis. For each parameter of MOPSO efficiency, the algorithm was tested in a statistical
framework to compute the sensitivity and determine the influence of each parameter. Such insights obtained from the
sensitivity analysis are important in determining the best configurations of parameters to ensure the effectiveness of the
algorithm in providing precise and energy-efficient building design solutions.

Considering the aforementioned data, the purpose of this research is to advance a technique for improving the
analysis of energy-efficient buildings utilizing Multiple Objectives Particle Swarm Optimization (MOPSO). We
enable an intelligent strategy to undertake selection and incorporate multiple objectives optimization into the approach
since there are three components engaged in the system, namely the low value of Overall Thermal Transfer Value
(OTTV), Roof Thermal Transfer Value (RTTV), and cost of materials. According to this theory, Multiple Objectives
Particle Swarm Optimization (MOPSO) has proven to be extremely efficient and successful in handling complex
multi-objective problems where traditional optimization technologies fall short.

1.1. Energy Efficiency Building

Due to the heavy use of natural resources over the last two decades, the predominant fossil resources in the world are
on the verge of depletion. Consequently, concerns are increasing among governments, academics, policymakers, and
scientists in both developed and developing countries about changes in climate conditions (i.e., global warming, ozone
layer depletion, etc.); energy protection, and the adverse environmental effects [15]. The IEA raised environmental,
energy, and economic prosperity concerns, which have been generally referred to as (3Es) in the current energy scenario
[16]. However, the European Union (EU) is describing energy-shared targets until 2020 [17]: (a) the reduction of EU
GHG emissions should be at least 20% below 1990 levels, (b) renewable energy contribution of at least 20% to the
energy consumption of the EU, and (c) primary energy use would be reduced to 20% compared to the expected levels
by energy efficiency measures [18].

Energy efficiency means using less energy to achieve the same function — that is, reducing wasted energy. Energy
conservation offers many benefits: reducing greenhouse gas emissions, rising demand for energy imports, and reducing
household and economic costs [19]. Constructors strive to improve building efficiency and then incorporate renewable
energy technologies to build buildings that produce zero energy. Changes to existing buildings may also be made to
reduce energy usage and costs. It can involve small steps, such as choosing LED bulbs and energy-efficient appliances,
or more significant measures, such as upgrades to insulation and weathering [20].

One of the most important issues in energy-efficient buildings is how interior elements are used. The over-isolated
and airtight envelopes found in highly efficient homes (and much more so in highly specialized net-zero energy
homes) show that the internal environment's mode of use has a major impact on final performance [21]. A central
collecting point, air conditioning, and window opening are just a few of the available controls that might considerably
differ from family household to, doubling the energy usage of a single flat.

1.2. Building Information Modeling

Building Information Modeling (BIM), an emerging technology, is recognized to contribute to sustainable design,
including energy efficiency. It provides an opportunity for architects and engineers to analyze, simulate, and visualize
the building performance that was formerly in the design process [3, 22]. BIM has benefits for scheduling, planning,
implementing, and facilities management in terms of greater flexibility and profitability. BIM helps owners, designers,
contractors, and management teams to collaborate better, and visualize and execute construction work from a
stakeholder perspective [23]. BIM technology is, therefore, attracting considerable attention from practitioners. In light
of change, the use of information and communication technology (ICT) could help resolve some of the current
challenges that have been encountered.
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One of the most popular BIMs is Autodesk Revit or Revit APl (Application Programming Interface), a
creative technology modeling program designed for architects, landscape architects, architects, and engineers,
mechanical, electrical, and plumbing engineers, consultants, and designers. The original software, developed by
Charles River Software, was founded in 1997, purchased by Autodesk in 2002, and was renamed Revit
Technology Company in 2000 [24]. By directly manual family creation [25] or commercial plugins [26] such as
Scan-to-BIM and Leica CloudWorx, the Revit APl has been widely used to support the reality-based parametric
modeling process. The Revit API incorporates the parametric modeling and user features of the BIM. The interface
programming methods give designers the ability to interactively design and manipulate Revit components using
computational logic and algorithms. Revit can provide the Ul interface, acts as a significant forum and database for
display, and parametrically represents the person and constructs the relationship automatically. The software will
reduce manual operation and carry out automation and batch processing, considering different functions [27].
Also, the current algorithms and libraries can be implemented and performed directly. They can, therefore,
simultaneously automate the segmentation of elements and the parametric representation procedure in the BIM
setting, employing specific functions.

1.3. Multi-Objective Optimization

Multi-objective optimization problems consist of several objectives that need to be addressed at the same time. For
certain implementations, these problems emerged, where two or more objective functions, often overlapping and
incommensurable, need to be minimized simultaneously. The multifaceted nature of these issues, leading to the concept
of optimality in Pareto, means that the optimal solution should be defined [28].

In contrast to the single-objective optimization case, the multi-objective problems are characterized by trade-offs.
Therefore, there are a multitude of Pareto optimal solutions that correspond to the different settings of the multi-
objective problem being investigated. For example, different Pareto optimal solutions correspond to different structural
configurations of equal fitness but different properties in the optimization of shape. The need to find the most significant
number of such solutions, with a good variety of similar properties, is highly desirable [29].

Multi-objective optimization is the practice of changing multiple parameters, whether constrained or unrestricted,
while at the same time trying to achieve different objectives. The optimization problem is defined as follows [30]:

minimize: f1(x), f20x), ..., fre(x)

1
subject to: h(x) =0, g(x) <0, xeERn @)

where, x is an array of the parameters being optimized, n is the number of optimization parameters, fi.(x) is the
objective function, p is the number of objective functions being optimized, and h(x) and g(x) are the equality and
inequality constraints respectively, that may exist for the optimization problem.

1.4. Particle Swarm Optimization (PSO)

Particle swarm optimization (PSO) is a stochastic optimization technique developed in 1995 by Kennedy &
Eberhart [31]. By simulating the bird flocking social behavior, this method finds an optimal solution. The PSO
algorithm is comprised of a group of individuals called "particles." Every particle is a possible solution to a problemin n
-dimensions.

The group can effectively find a solution using the group's shared data and the specifics themselves [32]. Particles
change their state by "flying" around in an n-dimensional velocity-based search space until a relatively constant state
has been encountered, or until computational limitations have been exceeded.

The velocity of each particle shall be calculated using Equation 2:

v+t = wvk + ¢y (pbestl — xF) + c 1, (ghest® — xK) )

where, vF, vF*1, and xk, are the velocity vector, modified velocity vector, and position vector of particle i at

generation k, respectively pbestF is the best position found by particle i and one another particle. gbest* is the best
position located by the particle's neighborhood or the entire swarm. The parameter w is the inertia weight, and ciand ¢z
are the cognitive and social coefficients, respectively. The velocity equation includes several random parameters, r1 and
r2, to ensure the construction space is adequately protected and to prevent entanglement in local optima.

The modified position vector, x**, is obtained using Equation 3:
£ = xf ol @

The updating process of each particle’s velocity and position in two dimensions is depicted in Figure 1 [33].

X
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Figure 1. The velocity and position of the particle update mechanism in PSO [33]

An algorithm for finding the best PSO positioning vector using n-dimensional particles can be described as below
[34]:

1. Initial positioning vector S[n] and velocity vector V[n] are generated by using random values,
X1 = [X1,Xy, ..., Xy] and v; = [vq, vy, ..., Uy]

2. The velocity vector vk+1 of a particle, i is calculated by using Equation 2.

3. The new positioning vector x*+1 of a particle, i is calculated by using Equation 3 and updated
asynchronously.

4. If F(xk*1) is better than the F(pbesti), the positioning vector pbest is set to pbest. If F(pbesti) is better than
F(gbest), the positioning vector F(pbesti) is set to gbest.

5. When the predetermined number of generations is reached, or sufficiently good fitness is attained, the cycle
will end. If not, move on to stage 2.

1.5. Multi-Objective Particle Swarm Optimization (MOPSO)

Several PSO studies on multi-objective problems have appeared so far, and new, advanced method variants have
been created [35]. This section aims to provide a detailed review of the state-of-the-art multi-objective PSO
variants. We can distinguish two fundamental approaches for designing PSO algorithms in multi-objective problems
[35]. The first approach consists of algorithms that look separately at each objective function. In these methods, each
particle is assessed only for one objective function at a time. The best positions' measurement is carried out in the
same way as the single objective optimization case. The biggest challenge in such cases is the correct manipulation
of the information coming from each objective function to guide the particles toward the optimal solutions of
Pareto [36].

The second method consists of algorithms that assess all objective functions for each particle and, based on the
Pareto optimality concept, generate non-dominated best positions (often referred to as leaders) that are used to guide
the particles. In such methods, leadership determination is not straightforward because several non-denominated
solutions in a particle's neighborhood can be found. Still, only one is typically chosen to participate in the speed
update [35].

In this work, the multi-objective particle swarm optimization (MOPSO) is modified and used to solve the multi-
objective optimization problem in energy-efficient buildings. This is because MOPSO is not only simple to implement,
with there being few parameters to adjust, but it has a great convergence speed and is one of the successful solutions to
multi-objective optimization problems. Liu et al. [37] developed multi-objective models for uneven area dynamic and
static facility layout problems; therefore, a customized PSO was proposed to solve them. Kaucic [38] proposed an
MPSO algorithm incorporating an objective spatial division strategy to optimize the UAFLP multi-objective. Wilding
et al. [30] design the process of a nuclear power plant system. Zhang et al. [39] suggested a multi-swarm multi-
objective particle swarm optimizer (MC-MOPSO) consisting of multiple slaves and master swarms to improve
MOPSO performance. Mousavi et al. [40] presented a two-pronged distribution chain supply network by presenting a
modified PSO to find an optimal location for manufacturers and retailers. Despite the exception of the above, many
new variants of MOPSO have been explored in recent years and are commonly used in many areas, such as cost-based
feature selection [41, 42], equity portfolio management [43], multi-workshop facility layout problems [16, 44], robot
path planning [45], etc.
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The outline of this paper is organized as follows. Section 2 discusses some fundamental concepts on energy-
efficient construction, building information modeling, multi-objective optimization, particle swarm optimization, and
multi-objective particle swarm optimization. In Chapter 3, the Pareto front and the development design process are
covered as methodologies. Section 4, it is details how to execute energy-efficient building Optimization Using Multi-
Objective Particle Swarm Optimization and Information-Building Modeling. We provide a thorough definition of the
fitness functions utilized in the experiment and conduct a sensitivity analysis. This section displays and discusses the
findings after first demonstrating the approach-based methodology that was applied to the investigation.

2. Methodology
2.1. Revit-API Plugin Design

The BIM's parametric modeling and device interfaces are implemented in the Revit APl (Application
Programming Interface). The programming interface methods give designers the ability to design and manipulate Revit
components interactively using computational logic and algorithms. Revit can provide the Ul interface, act as the
essential display forum and database, and parametrically represent the person and automatically construct the
relationship. The program would minimize manual operation and conduct automated processing, and batch processing
would consider various functions [46]. Also, the existing algorithms and libraries can be implemented and directly
executed. Therefore, they can simultaneously automate the segmentation of elements and the parametric representation
procedure using similar functions in the BIM environment.

2.2. Pareto Front

A Pareto front is an optimal plot with the axes as the concept goals. In this plot, the line or plane formed by the
optima shows the optimal trade-off between the opposing design goals. When looking at the Pareto front, it is crucial
to understand that each one of the optima may be better than any other optima for one or more objectives, but not all of
them. The Pareto front members are also referred to as "non-dominated,” meaning that they are not entirely dominated
by any other population member concerning all objective functions.

When comparing the performance of different multi-objective optimization methods, the metrics of success will
probably depend on the problem of optimization. If the problem's solution is already somewhat or well known, the
success metric is clearly to compare the method set's solution with the known Pareto front solution set [47].
There are potential weaknesses to be identified, as well. The solution set by the optimization method may be best
compared to others, but it may also fail to find the true extremes of the Pareto front [48]. This metric is also subject to
and dependent on the preferences of the DM. In other words, the method may not be able to find solutions to Pareto that
strongly favor the specific objective that the DM is pursuing [49].

2.3. OptEEB-BIM-MOPSO Framework

The process aims to enhance the base model so that the best new model can be used for these objective functions in
this experiment. First, the parameters needed to calculate the objective functions were extracted from the Revit Model
and Material Library, as shown in Figure 2.

The second step is to map the price of each material in the Revit Library. Based on the list of parameters, the last step
is the list of materials corresponding to their cost as input for the optimization process. The results are an excellent
solution that can be a frontline solution for Pareto. This framework is called OptEEB-BIM-MOPSO, which stands for
Optimization of Energy Efficiency Building based on Building Information Modeling and Multi-Objective Particle
Swarm Optimization.

Revit Model

Adobe Revit API

Pareto front Solutions
A

—p Parameters

Revit API
Plugin to extract P Material from Library

Optimization
Processes

\ 4 VI

Mapping with Price ¢

Price

Figure 2. The framework for the optimization of energy efficiency in buildings based on MOPSO

The proposed multi-objective optimization process can be described in detail, as shown in Figures 3 and 4:
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Step 1:
Step 2:

Initialize parameters ci, cz, #1, r2and o for the particles.

Initialize random positions for all dimension each particle and their associated
velocities.

Evaluate the fitness function for each particle.

Check criterion termination based on number of iterations.

Update velocities and position based using eq. (2) and (3).

Update local best (pbest), which compares the current value of fitness function
with the previous best value of the particles.

Update global best (gbest), which determines the current global minimum fitness
value among the current positions of the particles.

The process will continue to step 3, till end condition when maximum number of
iterations is reached.

Step 3:
Step 4:
Step 5:
Step 6:

Step 7:

Step 8:

Figure 3. The optimization pseudocode

Pseudocode shows that the optimization process started with the initialization parameters c1, ¢2, r1, r2, and inertia
weight, \omega. Then follow the initialization of the random position for all dimensions of each particle and its velocity.
In Step 3, fitness functions are evaluated based on OTTV, RTTV formulas, and the cost of each material's Revit model.
Next, the stop criterion is checked; if it meets the criterion or reaches the end of the number of iterations, the algorithm
stops. Step 5 will update the new position and velocity used in equations 2 and 3, which we discussed earlier. In steps 6
and 7, pbest and gbest are updated, respectively. The last step is to continue Step 3 until the maximum number of
iterations is reached.

OTTV fitness function

RTTV fitness function Material-cost fitness function

Initialise parameters, c1,
c2,w,rl, r2

!

Initialise random position
for all dimensions each
particle and their velocities

|

Evaluate fitness functions
(OTTV, RTTV, material-cost)

Update pbest and gbest

)

Update current position
and velocity based on pbest
and gbest

Initialise parameters, c1, c2,
w, rl, r2

Initialise parameters, c1, c2,
w,rl, r2

!

)

Initialise random position
for all dimensions each
particle and their velocities

Initialise random position
for all dimensions each
particle and their velocities

|

l

Evaluate fitness functions
(OTTV, RTTV, material-cost)

Evaluate fitness functions
(OTTV, RTTV, material-cost)

Update pbest and gbest

Update pbest and gbest

L

Update current position

and velocity based on pbest |4 -
-

and gbest 4

end

Update current position
and velocity based on pbest
and gbest

Figure 4. The proposed multi-objective optimization flowchart

Likewise, with pseudocode, the flowchart shows that three (3) objective functions are processed in different particle
swarms for each objective function. Each swarm will process the same procedure as the pseudocode, but it has a
different one if the gbest of each swarm is used to update the other swarms' position and velocity.

RTTV swarm movement will be used in the OTTV swarm, and the gbest material-cost swarm movement will be
used in the RTTV swarm. In the end, the gbest OTTV swarm movement will be used in a material-cost swarm. Based
on this scenario, in addition to its objective function, each swarm needs to learn and consider other objective functions.
The solution of one swarm will, therefore, also have proper criteria or characteristics for different objectives. Multi-
objective functions will be addressed in this mechanism.
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3. Implementation of OptEEB-BIM-MOPSO
3.1. Fitness Function

In the Malaysian Standard, the OTTV code has been considered since 2001, particularly for commercial
conditioning buildings [50]. The main objective of the Malaysian Energy Consumption Codes (also developed as the
Malaysian Standard, MS) is to promote quality, standardization, and accreditation to improve the national
economy.

There are two main Malaysian energy efficiency building requirements, MS2860 for energy efficiency and
sustainable energy use in residential buildings [51] and MS1525 for energy efficiency and renewable energy use in non-
residential buildings [52].

In that Standard, the design parameter specifies the solar thermal load transmitted through the building envelope,
Total Thermal Transfer Value (OTTV), excluding the thermal roofing (Roof Thermal Transfer Value, RTTV). The
MS1525 in clause 5.2 shows that the value is less than 50W/m?2. On the other hand, the roof's thermal (Roof Thermal
Transfer Value, RTTV), based on the same Standard, shows that the value should be less than 25W/m?2. The OTTV and
RTTV calculations aim at achieving the design of the building envelope to reduce heat gain through the building
envelope and hence reduce the cooling load of the air-conditioning system.

Equations 4 and 5 show the OTTV and RTTV formulas:

OTTV = 15(1 — WWR).U,, + 6(WWR)U; +194 (OF)(WWR)(SC) 4)
erry < ArUrTDeq + ASU:IAT + Ay(SC)(SF) )
0

The basic definition of the parameters in Equations 1 and 2 is summarized in Tables 1 and 2, respectively.

Table 1. The basic definition of OTTV formulas

Notation Description
o is the opaque wall solar absorptive
WWR is the exterior wall to windows the gross ratio
Uw is opaque wall thermal transmittance (W/m?K)
Us is the fenestration device thermal transmittance (window element) (W/m?K)
OF is the factor of solar orientation
SC is the system fenestration coefficient for shading

Table 2. The basic definition of RTTV formulas

Notation Description

A is the opaque roof layer (m?)

U, is the opaque roof layer thermal transmittance (W/m %K)
TDeq is the equivalent temperature difference (k)

A is the roof skylight layer (m?)

Us is the thermal transmittance of the skylight layer (W/m?)

AT is the temperature difference between exterior and interior architecture (5K)
SC is the skylight shading coefficient

SF is the solar factor (W/m?)

A is the gross roof layer (m?); Ag=A+As

Based on the problem definition above, this research will involve three objective functions, OTTV, RTTV, and
material costs which are included in the OTTV and RTTV calculations, such as wall material, windows, window glass
and roofing material.

That objective function can be formulated, as shown in Equation 6:
minimise f(eeb) =3 w;f;
subjected to OTTV < 50W/m? and RTTV < 25W/m?

(6)
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Subject to OTTV less than 50 W/m? and RTTV less than 25 W/m? constraints, where f(eeb) is the minimizing
function for energy efficiency building (eeb), fi is the objective function for each i € {OTTV, RTTV, material—cost},
andw; is the weight for each fi. Since in this study, we use the Pareto front to get the multi-objective solutions, w: for
each fiis set to 1.

The next step is to define the PSO modeling particle. Since the PSO consists of a few particles in the swarm, each
particle should be described as a fitness function component. Based on Equation 6, three (3) fitness functions are used
in this study, namely OTTV, RTTV, and material-cost. The OTTV, RTTV, and material-cost components are shown in
Table 3 and displayed in Figure 5.

Table 3. Component of PSO Particle dimensions

Objective Function Component Item

The material of wall's paint (for solar absorption value)

The material of wall (for heat transfer coefficient value)

oTTV

#
1
2
3 The material of window (for heat transfer coefficient value)
4 Height of window

5

Width of window

6 The material glass of window (for shading coefficient of
sub-system 1 value)

7 The material of Opaque Roof (for layer thermal transmittance

value, roof thickness, the weight of roof and roof's density value)
RTTV

8 The material of Skylight Roof (for layer thermal transmittance
and skylight shading coefficient value)

Material of window Material of Opaque Roof
Material of wall’s paint Width ofwindow
v v v \
L1 [ 2] 3] 4[5 [6 ] 7 [ 8|

A A A
Material of wall Material glass of window
Height of window Material of Skylight Roof

Figure 5. Component of PSO Particle dimensions illustration

For each dimension, there is an integer value representing the material number extracted from the Revit Material
Library for each element of the wall, window, glass window, opaque roof, and skylight roof. Additional data is the price
for each element material used to calculate the material-cost fitness function.

3.2. Control PSO Parameters

The original version of PSO has specific parameters, called the control parameters, which impact the algorithm's
overall search capabilities. These control parameters, i.e., the acceleration coefficients, the speed clamping limit, the
swarm size, and the maximum number of iterations [40, 53]:

Acceleration coefficient: When modified, the terms c1 and cz could lead to particles flying to undesirable regions;
hence, the limit of the acceleration coefficients has been set as 2 since the PSO method was built [32, 54].

This parameter may, however, be counterproductive to the overall search for an optimal solution, as these parameters
are crucial to monitoring the algorithm's performance and effectiveness, as shown in Equations 7 and 8:

K. -k
Cf = C1,min + (Cl,max - Cl,min) (TrIL{L) (7)
max
K. -k
Cé‘ = C2max — (Cz,max - CZ,min) <WII(L) (8)
max

where, cf and cX are the cognitive and social parameters are respectively at iteration, ¢, o, and c; 4, are the
maximum cognitive and social parameters, respectively. c¢; ,;, and c,,;, are the minimum cognitive and social

parameters, respectively, k is the current iteration, and K,,,, is the maximum number of iterations.

Velocity Clamping limit: To clamp the maximum increase in the velocity size, the velocities of the particles are
bound by (-Vmax, Vmax):
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Vmax =4 X (Xmax - Xmin) (9)

where, § is a constant clamping set between (0.1,~1.0), and X,,,, and X,,,;,, are the maximum and minimum value of the
design variables [55].

Swarm Size: Swarm scale, N, plays a significant role in algorithm efficiency. This property refers to the number of
particles it explicitly affects the swarm's diversity in the hyperspace.

Maximum number of iterations: Maximum number of iterations, K refers to the number of iterations the PSO

max’
algorithm goes through until it is finished.

Inertia weight strategies: Introducing the weight of inertia helped promote better particle search by balancing global
search and local search [56]. The inertia weight, w, as shown in Equation 2, can be calculated as follows:

Wk =@, — (w) K (10)
Kﬁax

Based on the PSO control parameter, Table 4 shows the parameters used in this experiment.

Table 4. The value of PSO control parameters

Parameters Value
Cognitive factor, ¢; 14
Social factor, c; 14
Inertia weight, w 09~04
Random values: r; and r, [0, 1]
No. of particles 20
Max iterations, Kp,q. 400

4. Implementation of OptEEB-BIM-MOPSO

The Revit APl plugins were generated based on their basic prototype, and the simulation -related parameters were
extracted from the BIM model [57]. The development of the Revit API plugin is exploited in this study, based on C #
programming. Microsoft's Visual Studio 2019 tool was selected as an Integrated Development Environment (IDE).
4.1. Experiment Setup

The experiment was developed using C# programming based on the Revit API plugin, and the simulations were run
on an Intel Core i7 with 16 GB of RAM. The model used in this experiment is shown in Figure 6.

© (30 - sysenilmusaddial X =

0 HRAGRAEBRP IRRGE ¢
Figure 6. The Revit model which used in this experiment
It is possible to insert all types of walls, windows, and roofs into the project as an initial population using the Revit

Material Library. From the wall and window of the Revit library, all required information, such as size, type, area, R-
value, U-value, a, OF, SC, WWR, and even unit cost and total cost, can be extracted to run the optimization process.
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4.2. Results and Discussion

After selecting the types of walls, windows, and roofs from the library, the optimization plugin was run to generate
the solutions formed by the Pareto front optima set (blue-colored dots). A 3D graph with OTTV, RTTV, and material
cost was plotted with matplotlib from the Python Library, as shown in Figure 6.

The user can then choose a solution from the Pareto front optima set as an optimization result. Afterward, a report
was generated to summarize the optimization result solution for each orientation and the overall reduction of OTTV,
RTTV, and material costs, as shown in Table 5. It shows that the optimization process was able to reduce the OTTV
value from 42.72 W/m? to 20.32 W/m? (which was 52.43% of the reduction). The optimization also reduces the RTTV
from 8.02 W/m? to 4.45 W/m?Z (which was 44.51% of the reduction) and also reduces the material cost to 23.82%, which
was from RM250.156.05 to RM190, 560.45.

°

o
o P

5

g

g

Material-Cost (RM)

Figure 6. 3D plotting of graph results

Table 5. Comparison original model with the optimization result model

Based Model Optimization Result Model
Elevation
oTTV RTTV Material-Cost oTTV RTTV Material-Cost
North 31.18 47,529.95 14.65 36,206.49
East 61.03 75,046.51 28.68 57,168.14
South 44.09 70,043.70 20.72 53,356.93
West 36.39 57,535.89 17.11 43,828.90
Total 42.72 8.02 250,15605 20.32 4.45 190,560.45
% 52.43 44.51 23.82

Next, to analyze the control parameters' performance, gbest value for each iteration is plotted as a convergence
curve to show each swarm's performance in the optimization process, as shown in Figures 7 and 8 for OTTV-RTTV

and Material-cost swarm, respectively.

The results show the number of objectives (gbest) values achieved using the MOPSO algorithm between the first
iteration and the 400th iteration for each swarm. Figure 7 shows that only in 210-th of the iteration, RTTV already has
the convergence gbest value, but for OTTV, until near the end of the maximum iteration, the swarm still has a smaller
gbest value. The figure also illustrates clearly that RTTV's best-plummeting values range from 16 to 4 at 210th of the
iteration to the end of the maximum iteration.

In the material-cost swarm shown in Figure 8, the convergence value of gbest is obtained at the 275th iteration at
190k. Similarly, with the RTTV swarm, the Material-cost swarm also shows the same behavior for the gbest values at
275-th of the iteration. It decreases moderately from 170k to 167k until the end of the maximum iteration.
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Optimization Progress (OTTV vs RTTV)
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Figure 7. The convergence curve of TTV and RTTV swarms

Material Cost Optimization Progress
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Figure 8. The convergence curve of the Material-cost swarm

4.3. Sensitivity Analysis Results

Sensitivity analysis included four MOPSO control parameters. The investigation determined the sensitivity of the
MOPSO efficiency to variations in each parameter using a statistical method. For each parameter set, the speed-reducer
problem is solved by MOPSO 100 times. The best global solution is stored at the end of each run and ranked after 100
runs to determine the best and worst solutions, corresponding to their best parameters. The mean value and the standard
deviation are calculated by Equations 11 and 12, respectively:

100

_ 1 @ 11

f o) = WZ 1) (11)

Bl () - )] (12)
sb= j 1(6)0 -1

where, f(x,,) is the mean value obtained across 100 runs, f (ng) is the best global solution obtained at run i, and SD
is the standard deviation.

4.3.1. Sensitivity Analysis Results—Maximum Number of Iterations (K,,4x)

Using ten different numbers of K., from 100 to 1000, and with other parameters using vanilla's parameters, as
shown in Table 4, each set of parameters is run, and the result is shown in Table 6. For each swarm, the best and worst
gbest values are obtained, and mean and standard deviation values are calculated.
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The figure shows the best result for OTTV is 19.18 when using K,
500, it also gets 19.87 and 19.88. The best value for RTTV is 4.01, if

is set to 1000, but at K,,,,, is set to 600 and
is set to 700 and 1000. The RTTV values of

Kmax

the best display nearly identical values are 4. In conclusion, the K,,,,’s parameter is not sufficiently sensitive to the
RTTV swarm.
Table 6. Sensitivity analysis result — K,,,, With other parameters used as in Table 4
oTTV RTTV Material-cost
Maxx
Best Worst  Mean STD Best Worst Mean STD Best Worst Mean STD

100 20.44 66.78 43.61 12.77 444 30.89 17.67 6.7 189,209.92  278,922.46  234,066.19  23,424.35
200 20.32 65.78 43.05 1215 422 29.19 16.71 5.66 177,922.81  268,792.92  223,357.87  24,242.87
300 20.18 66.78 43.48 1295 489 20.09 16.99 511 189,289.21  278,792.12  234,040.67  23,276.11
400 20.32 64.43 42.38 10.63 445 28.40 16.43 5.68 166,543.18  256,986.16  211,764.67  22,959.27
500 19.88 61.71 40.80 9.58 411 29.89 17 6.23 166,929.92  267,298.92  217,114.42  30,959.6
600 19.87 62.71 41.29 10.29 421 28.81 16.51 5.39 178,782.92  289,892.88  234,337.9 38,554.61
700 20.16 61.87 41.02 9.49 4.01 29.36 16.69 5.93 178,292.18  278,789.22  228,540.7 31,050.14
800 20.07 61.88 40.98 9.56 4.22 28.91 16.57 5.46 162,882.82  256,382.92  2096,32.87  26,102.55
900 21.91 67.81 44.86 12.46 478 29.01 16.9 513 158,928.29  278,393.26  2186,60.78  44,462.49

1000 19.18 68.91 44,05 1516  4.01 28.99 16.5 5.66 158,928.29  267,983.19  2134,55.74  37,101.46

4.3.2. Sensitivity Analysis Results—Swarm size (N)

The swarm size number, N, is set at [5, 10, 20, 50, 75, 100, 125, 150, 175, and 200], and other parameters are set in
Table 4. Each set of parameters runs 100 times (K,,,, is set to 100). The best and worst gbest values are obtained, and
the mean and standard deviation values are determined for each swarm, as shown in Table 7.

Table 7. Sensitivity analysis result — N with other parameters used as in Table 4

oTTV RTTV Material-cost

Best Worst Mean STD Best Worst Mean STD Best Worst Mean STD

5 21.09 63.28 4219 983 491 28.99 16.95 5.03 178,292.18 256,382.32 217,337.25 15,206.07
10 2282 6289 4286 833 455 29.36 16.96 5.54 166,929.92 256,382.32 211,656.12 23,240.40
20 2182 6792 4487 1063 4.22 284 16.51 5.06 166,929.18 267,983.19 223,137.69 23,409.12
50 20.82 6289 4186 9.75 422 29.36 16.95 5.44 162,882.82 289,892.88 226,387.85 49,797.67
75 2192 6171 4187 845 465 30.89 17.77 6.55 178,292.18 268,792.92 22354255 23,981.69
100 21.66  63.28 4247 9.37 3.78 27.92 16.71 5.29 166,543.18 256,986.16 211,764.67 22,959.27
125 21.09 6182 4178 835 491 284 16.59 5.03 178,292.18 256,382.32 217,337.25 15,206.07
150 19.00 6792 4527 12.03 455 2891 16.57 5.46 166,929.18 267,983.19 223,137.69 23,409.12
175 19.61 63.89 4339 899 422 29.01 16.9 5.39 166,929.92 256,382.22 222,859.57 39,084.47
200 19.00 6443 4238 1063 4.22 28.40 16.43 5.68 166,929.92 267,298.92 217,114.42  30,959.60

The results show that the best OTTV value is 19.61 at 175 particle numbers, and at 150 and 200 particles, the other
19 values are also extracted. On the other hand, the best RTTV value is 3.78 at 100 particles, and these results indicate
that when the number of particles is decreased or increased, the best value for RTTV is increased. For this problem, we
can assume that the number of particles is significant in influencing the best outcome for OTTV and RTTV swarms. For
the OTTV swarm, compared with the RTTV formulation, the OTTV formulation is more complicated. To explore all
the possibilities available in the OTTV search space, it needs more particles than RTTV.

4.3.3. Sensitivity Analysis Results—Inertia Weight (w)

The fixed inertia weight values are used, and [0.1 — 1.2] are set, and other parameters are set based on Table 4. Each
set of parameters runs 100 times (K,,,, is et to 100). The results are also compared with the dynamic weight inertia
result, as shown in Table 4, [0.9 ~ 0.1]. The best and worst gbest values are obtained, and the mean and standard
deviation values are calculated, as shown in Table 8 for each swarm.
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Table 8. Sensitivity analysis result — w with other parameters used as in Table 4

OoTTV RTTV Material-cost

Best Worst Mean STD Best Worst Mean STD Best Worst Mean STD

0.10 21.09 63.28 42.19 9.83 491 28.99 16.95 5.03 162,882.82  289,892.88  226,387.85  49,797.67
0.25 22.82 62.89 42.86 8.33 4.55 29.36 16.96 5.54 178,292.18  268,792.92 22354255  23,981.69
0.50 21.82 67.92 44.87 10.63  4.22 284 16.51 5.06 166,543.18  256,986.16  211,764.67  22,959.27
0.75 20.82 62.89 41.86 9.75 4.22 29.36 16.95 5.44 178,292.18  256,382.32  217,337.25  15,206.07
1.00 21.92 61.71 41.87 8.45 4.65 30.89 17.77 6.55 166,929.92  256,382.32  211,656.12  23,240.40
1.20 21.66 63.28 42.47 9.37 421 27.92 16.71 5.29 166,929.18  267,983.19  223,137.69  23,409.12
1.25 21.73 61.82 41.78 8.35 4.32 28.4 16.59 5.03 166,929.92  256,382.22  222,859.57  39,084.47
1.50 22.62 67.92 45.27 12.03  4.22 28.91 16.57 5.46 166,929.92  267,298.92  217,114.42  30,959.60
2.00 22.89 63.89 43.39 8.99 4.28 29.01 16.9 5.39 176,292.18  278,393.26  228,342.72  30.770.15
09-04 20.32 64.43 42.38 10.63 445 28.40 16.43 5.68 166,543.18  256.986.16  211,764.67  22,959.27

The results show that the best OTTV value is 20.82 at an inertia weight of 0.75, although the experiment using a
dynamic inertia weight still produced a higher value than the average. The best RTTV value obtained by the swarm
was 4.21 when the inertia weight was set to 1.2. Other favorable RTTV values were 4.22 at inertia weights of 0.75 and
1.5. These results indicate that a fixed inertia weight produced better RTTV performance than the dynamic inertia
weight approach. It can be concluded that dynamic inertia weight is more suitable for complex objective functions,
such as those used in OTTV formulation. In this scenario, the algorithm can utilize dynamic inertia weight to balance
exploration and exploitation mechanisms.

4.3.4. Sensitivity Analysis Results—Acceleration Coefficient (c1 and c2)

The coefficient of acceleration, c1 and cz, is set to [0.1, 0.25, 0.5, 1.0, 1.25, 1.50, 1.75, 2.00, 2.50, and 4.00], and
other parameters are set based on Table 4. Each set of parameters runs 100 times (K,,,, iS set to 100). The best and worst
gbest values are obtained, and the mean and standard deviation values are determined, as shown in Table 9 for each
swarm.

The acceleration coefficients, ¢; and ¢, , were set to values of 0.1, 0.25, 0.5, 1.0, 1.25, 1.50, 1.75, 2.00, 2.50, and
4.00, while the remaining parameters were configured according to Table 4. Each parameter set was executed 100
times (with K., set to 100). The best and worst gbest values were recorded, and the corresponding mean and
standard deviation values were calculated, as presented in Table 9 for each swarm.

Table 9. Sensitivity analysis result - c1 and cz2 with other parameters used as in Table 4

oTTV RTTV Material-cost

C1 C2 c1+c2
Best Worst  Mean STD Best Worst Mean STD Best Worst Mean STD

010 01 0.20 22.82 62.89 42.86 833 422 2791 16.07 475 178882.82 278,789.20 228,836.02 30,632.49
0.25 0.25 0.50 20.82 67.92 44.37 133 455 30.78 17.67 6.55 178,292.44 256,382.32 217,337.38 15,025.88
050 0.50 1.00 22.62 6792 4527 10.63 445 29.74 1710 568 166,543.18 267,687.33 217,115.26 22,959.27
1.00 1.00 2.00 2192 63.28 42.60 925 422 2936 16.79 578 178,292.37 256,382.32 217,337.35 22,959.27
125 125 2.50 2289 6171 42.30 745 465 3182 1824 721 178,292.18 256,382.32 217,337.25 15,006.87
150 1.50 3.00 20.32 6792 4412 1366 4.62 3032 1747 6.17 166,929.92 267,298.16 222,859.04 39,084.47
175 175 3.50 21.73 61.82 41.87 835 465 2992 1729 587 166,929.92 267,298.22 216,921.57 31,215.93
2.00 2.00 4.00 22.62 6792 4527 1203 422 2891 1657 546 166,543.33 256,382.92 222,859.13 39,084.47
250 250 5.00 21.92 61.82 41.87 821 428 2901 16.65 549 17829243 267,298.16 216,921.30 31,215.93
400 4.00 8.00 20.32 64.43 4238 1063 428 2840 16.34 568 166,543.18 256,986.16 211,764.67 22,959.27

As shown in Table 9, the best OTTV value of 20.32 was obtained when ¢; and ¢, were set to 1.5 and 4.0,
respectively. Another favorable OTTV result was 20.82 when ¢; and ¢, were set to 0.25. For RTTV, the best value
of 4.22 was achieved when c; and ¢, were set to 0.10, 1.00, and 2.00. Another good RTTV result was 4.28 when ¢,
and ¢, were set to 2.50 and 4.00. Based on these results, it can be concluded that higher values of c; and ¢, provide
the algorithm with greater opportunities to explore the search space for each objective function.
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5. Conclusion

Using integrated computer modeling and optimization methodologies, this study effectively demonstrates the
efficacy and feasibility of Multi-Objective Particle Swarm Optimization (MOPSO) in improving the energy efficiency
of building envelope design. Significant improvements were achieved across all building orientations (North, East,
South, and West) by applying MOPSO to optimize key thermal performance indicators, hamely Overall Thermal
Transfer Value (OTTV), Roof Thermal Transfer Value (RTTV), and material cost. Compared with the base model, the
results indicate substantial reductions of 52.43% in OTTV, 44.51% in RTTV, and 23.82% in material cost,
demonstrating the model’s ability to balance energy performance with economic feasibility.

The convergence study further demonstrates that the algorithm stabilizes after 400 iterations, highlighting both its
computational efficiency and its suitability for practical design applications. A range of 400-600 iterations provides
the optimal balance between computational time and solution accuracy. Furthermore, sensitivity analysis reveals that
an inertia weight (@) between 1.0 and 1.25 achieves the best trade-off between convergence speed and solution
stability. Across multiple test scenarios, the conventional PSO acceleration coefficients (c; = ¢, = 2.0) were
confirmed to perform reliably.

The application of MOPSO in this context supports both sustainability goals and economic constraints in modern
architectural design by reducing thermal loads, enhancing passive performance, and facilitating cost-effective material
selection. Owing to its robustness and adaptability, the proposed approach demonstrates strong potential as a decision-
support tool for the design of energy-efficient buildings, particularly in tropical climates where thermal performance is
a critical consideration.
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