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Abstract According to this article, a hybrid
machine-learning  framework incorporates  many
techniques that offer a thorough detailed approach to
possible design. This approach aims to find solutions to the
issues of reconciling cost-efficiency, environmental impact,
and user comfort in modern architecture. Machine learning
(ML) is used to make a broad range of architectural designs
that align with particular restrictions, like financial limits,
location circumstances, and energy aims. ML is utilized to
estimate the design's efficiency and make repeated
improvements. Through predictive analysis and risk
evaluation, it expects energy use up, user comfort, and
environmental effects. Patterns and links are recognized to
enhance the effectiveness of building plans and operations.
Deep learning models are utilized in material choice with
machine learning to evaluate material features and
environmental impact. The best material mergers are
utilized based on efficiency norms and sustainability aims.
The proposed ML-based approach gives several
advantages, such as a faster design technique, finer indoor
environmental quality, and improved energy usage—all of
which are economical solutions. We may be inside a new
age of strong and sustainable buildings by using the
suggested architecture. The recommended framework
shows the ability to improve building design
methodologies via machine learning while complying with
sustainability goals.

Keywords  Optimization, Sustainable Architecture,
Machine Learning, Eco-friendly Building Design,
Sensitivity, Building Material and AUC

1. Introduction

Numerous elements greatly affect the likelihood of a
building project's success [1, 2]. There are a lot of moving
pieces in a construction job. History is littered with
building projects that have encountered several obstacles,
such as, but not limited to, time and money overruns and
safety worries. Most of the time, these problems emerge
because of carelessness, poor resource allocation, or lack
of preparation. Furthermore, in intelligent and sustainable
communities, human actions are fine-tuned for maximum
efficiency [3]. Building more sustainable communities
may be possible with the use of Al and ML, which might
revolutionize the building process. An area of computer
science called artificial intelligence (Al) is dedicated to
developing computer programs that can mimic human
intelligence and do activities that ordinarily require human
intellect. Machine learning may accurately forecast future
occurrences even in cases where no prior research has been
conducted by detecting hidden patterns in data [4]. A
fundamental aspect of Al, "machine learning" (ML)
enables computers to autonomously learn from data, spot
patterns, and make well-informed predictions and
decisions with little supervision from humans.

Two technologies that have received a lot of attention for
their capacity to automate building processes efficiently
are machine learning (ML) and artificial intelligence (Al)
[5]. With their strengths in data analysis and pattern
recognition, artificial intelligence systems can sift through
mountains of data in search of meaningful insights. To rub
salt in the wound, Al is crucial for making better use of
available resources in building projects. Atrtificial
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intelligence has the potential to greatly improve project
management and resource allocation while also opening
the door to the creation of more intelligent and ecologically
conscious societies. The constant monitoring and analysis
of data collected from sensors, cameras, and wearable
devices gives Al-driven systems the ability to increase
construction site safety. Constant observation and
evaluation could help achieve this goal. These technologies
not only improve resource allocation and help build
energy-efficient infrastructure, but they also provide vital
information to the project's stakeholders. The goal of this
research is to find out how technological advancements
like Al and ML may help build greener communities and
streamline building procedures.

New methods of Al, such as artificial neural networks
(ANNSs), may deduce relationships and patterns from past
data without explicitly stating them. This paves the way for
the creation of a prediction model that may aid planners
when they evaluate new instances within a certain domain
of concern [6, 7]. The complex interactions between input
vectors and goal values may be shown by machine learning

techniques, which are a kind of artificial neural network [8].

One subset of machine learning software is artificial neural
networks. In addition, data analytics, machine learning
(ML), and artificial intelligence (Al) are used to create
digital twins (DTs), which are adaptive digital models that
can learn from a number of sources and update their
knowledge as needed. Both the present and future states of
their physical equivalents may be accurately depicted and
predicted by these models [9]. A large portion of the global
energy consumption is attributable to the power

requirements of buildings, both commercial and residential.

This is why, in order to make educated decisions about
operations, demand response strategies, and distributed
generating system development, accurate hourly power
consumption estimations are crucial [10]. A building's
thermal comfort is a crucial consideration in smart building
administration, operation, design, and modeling [11].
Furthermore, almost 15% of the world's carbon dioxide
emissions come from the building and construction
industries, and they're also responsible for half of the
world's total final energy consumption [12].

Through application programming interfaces, smart
cities are able to facilitate the exchange of massive
volumes of data. No, it's [13]. A primary objective of
architects, engineers, and facility managers in creating and
sustaining ecologically friendly interior environments
should be to anticipate the thermal comfort of the
occupants [14]. Thus, it is critical to focus on the consumer
side of energy growth rather than only the production side
if we want to make progress toward energy sustainability
[15]. Machine learning, a subfield of artificial intelligence,
has the potential and functionality to improve the
smartness and longevity of communities and buildings
[16].
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It would be helpful to create prediction algorithms to
identify major accidents in the construction business since,
unfortunately, accidents do occur often there [17]. The
whole engineering, procurement, and construction (EPC)
process is carried out by contractors. Unfair contracting
techniques, such as low-bid selection, turn-key, and
lump-sum contracts, expose them to several threats. In the
early phases of a building project, it is crucial to accurately
estimate the total cost of the undertaking [19].
Optimization algorithms and machine learning techniques
may be used to create and build long-term solutions [20].
These methods are applicable across the board, from
planning and design to building and operation.

A number of studies have examined the present uses and
future prospects of Al in many fields of study. The
researchers in the study [21] looked at a wide variety of
potential applications of Al in healthcare systems. The
review [22] meanwhile paid special attention to machine
learning's potential uses in neuroimaging as a field of study.
A scientometric analysis was used in the research that
examined the application of artificial intelligence (Al) in
the AEC sector. The research included scientific mapping
techniques.

This study aims to use a systematic review (SR) to
examine the potential applications of artificial intelligence
(Al) and machine learning (ML) in the construction
industry with the goal of enhancing processes and
promoting the development of environmentally aware
communities. This study aims to evaluate the contributions
of Al and ML to sustainable community development and
building processes, as well as to spot emerging areas of
research and practical uses of Al and ML in the built
environment. Following the introductory section, this
study delves into the background of the research and
provides a rundown of the resources and methods used in
the review. Results from the article's content and profile
analyses are shown in the section that follows. With a focus
on both indoor and outdoor communities, this article
explores the categorization and debate of the functions of
artificial intelligence and machine learning within the
framework of creating sustainable communities [23, 24]. In
order to better build communities and enhance building
processes, this study explores and examines the potential
future applications of artificial intelligence and machine
learning in these areas.

Even if machine learning has a lot to offer [provide] in
terms of enhancing building design, human expertise must
be emphasized for its complementary function. Critical
supervision is provided by engineers and architects, who
decipher model projections and modify models in light of
real-world determinants like site scenarios and local laws.
This hybrid method combines the inventiveness and
novelty of human designers with the computational power
of machine learning.
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2. Methodology

2.1. The Proposed Optimization Framework

The main goal of the study is to provide the basis for a
paradigm capable of online interactive optimization in the
design of building performance architecture. Matlab hosts
a simulation of the optimization framework. The input file
is the first phase in the process connected with this
framework; it is in charge of providing the related building
characteristics including interior and exterior building
design, electrical equipment, lighting, occupancy, and
some of the elements of the construction. Should the
optimizing needs be satisfied, the framework will be in
charge of generating the results. Should it fail, the design
variables are changed and kept in a new file ready for the
input of the next iteration. Figure 1 presents a flow chart for
optimizing sustainable architecture using machine learning
approaches. The optimization process consists of the
following steps:

Making a building model file (.idf) for the simulation
module starts with using EnergyPlus. EnergyPlus's output
file should be configured to the table format (.xIs), hence it
is crucial to notice.

1.  Choosing a suitable optimization technique by means
of Matlab (.m). The procedure generates cost
functions, possible limitations, and design variables
based on which.

2. A template input file is manually created and ready
for the interactive module. Every iteration recreates
new control variables from this file.

3. Atext file (.txt) is created to hold design variables that
have been imported from Matlab.

4. Performance of the optimization until the Matlab
acquisition of the design variables that have been
optimized is obtained.

The optimization method alters many elements, also
known as design variables, to lower the objective functions
of the system's efficiency. With this optimization, there are
eight elements altogether that might be changed to produce
the desired outcomes. The many factors of
decision-making considered directly produced the great
range of possible options under evaluation. A lot of factors
affect the energy efficiency of a structure; so, it would
require a lot of time and money to evaluate all the
components influencing the energy efficiency of the
construction. The variables chosen by the researchers are
those related to the main characteristics of building
envelopes with an aim to simplify the problem. Under the
baseline scenario, the optimization method keeps the
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heating and cooling set points at the originally specified
levels. This is done in order to separate the effects of
changes done on the exterior of the construction. This
considers the cost of the resources for every variable.
Discrete variables are employed generally for all the
parameters to maintain an appropriate design solution
space. Figure 2 presents energy efficiency and building
material-based optimization for sustainable architectures.

2.2. The Algorithm

A potential approach involves using a Genetic
Algorithm using ANN to optimize building design
parameters. It includes following steps:
¢ Develop a framework for representing the parameters

of architectural design.

¢  Specify the acceptable ranges for each characteristic,
such as building orientation, wall thickness, and
window area.

*  Create a population of building designs that are
randomly generated and fall inside the specified
design space.

¢ Utilize the building simulation program TRNSYS to
assess the performance of each design based on the
specified criteria.

e Create a fitness function to measure the performance
of each design according to the optimization aim.
Choose parents according to their fitness values.

¢ The genetic information of two parents is combined
to produce children, while also introducing random
alterations to the offspring's design parameters.

e  Specify the criteria for ending the process, such as the
Area Under the Curve (AUC) or doing a sensitivity
study.

2.3. Human Feedback and Validation Process

To validate and enhance the machine learning results,
human experience is added to the automatic optimization
framework. Following the establishment of the first
architecture suggestions, domain experts examine the
suggested fixes to ensure they are workable and compliant
with real-world limitations. For example, the model does
not fully account for local weather patterns or regulatory
restrictions, which architects may adopt to alter building
orientation or material choices. This iterative technique
establishes a feedback loop in which human judgment
enhances the model's recommendations, ensuring that the
finished architecture is not just ideal but also advantageous
and suitable for the given context.
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Figure 1. Flow Chart for Optimizing Sustainable Architecture Using Machine Learning Approaches
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Figure 2. Energy Efficiency and Building Material-based Optimization for Sustainable Architectures

3. The Genetic Algorithm (GA) Based
ML Model

Based on the data in [18, 26], the GA method is usually
considered among the most successful multi-objective
evolutionary programming techniques. Following the start
of a randomized population-based search on the solution
space and constraints, the GA arranges the solutions into
fronts based on the non-demonizing criteria. The next
phase, based on the crowding distance—a gauge of a
person's proximity to their neighbor—is to value every
person according to that measurement. Given a larger
amount, one would expect more diversity among the
population. A binary tournament using a packed
comparison operator is conducted for the selection of the
participants. The parents and their children are reunited just
after the mutation and crossover operations have concluded
to generate new generations [25]. Under the considered
research conditions, the encoded chromosomal length and
the total solution space both equal nine.

With this design set, the optimization issue is
discontinuous and all of the design variables are discrete;
S0, it is not an easy process to find a solution. The platform
gathers and outputs data in text file form. It runs off-site

and is self-contained.

An objective function is a mathematical expression used
in optimization to either minimize or maximize a given set
of parameters. This study focuses primarily on the
temperature index, energy performance, and financial
performance of the issue that has not been thoroughly
studied. The performances are thoroughly tested and
evaluated by implementing the desired functions and
restrictions. The target functions of the project are the total
building energy consumption and the life cycle cost.
However, the limitation is determined by the proportion of
persons who express dissatisfaction with the construction.

Several research studies have shown the potential for
enhancing building performance design by combining
optimization approaches with artificial neural networks
(ANNs) [26, 27]. To enhance the efficiency of the
simulation process, each cycle of this optimization aims to
maximize the use of a surrogate model that is built on an
artificial neural network (ANN). Employing this approach
has the potential to greatly reduce the amount of time
required for calculation. Firstly, the procedure consists of
three fundamental components:

1. The first phase involves the creation and construction
of a model, as well as the establishment of a database
to hold the model's input and output pairs.
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2. The second step involves training and validating an
initial ML model using the input-output (I0) data
indicated above.

3. The third step involves incorporating the trained ML
model into the optimization framework to assist in
predicting the optimal solutions.

4. Results and Discussion

We have accessed the residential building dataset [28]
and the commercial building dataset from an online
database [29]. Figures 3, 4 show the outcomes of the
optimization framework for sensitivity analysis for
residential and commercial buildings, respectively.
According to the impact on enhancing the designs of the
building envelope, the optimization decreases life cycle
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costs by 20% and decreases energy usage by 30%. In order
to decrease energy COStS, it is clear that one must sacrifice
thermal comfort. In order to assess the optimization
performance of an interactive framework, it is necessary to
create a conventional Back Propagation (BP) neural
network. This section applies the same architectural
approach to residential construction. The training samples
for the BP network consist of ninety unique sets of data,
whereas the testing samples consist of ten unique sets of
data from the same dataset. The Artificial Neural Network
(ANN) is trained and validated using this database. In order
to enhance the accuracy and convergence rate of the BP
network model, the training and testing samples undergo
normalization. By doing this, the accuracy of the model is
enhanced. As part of this research, a neural network model
with a hidden layer and seven neurons is developed.
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Figure 3. Comparison among Various Parameters (before and after Optimization) for Residential Building
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Figure 4. Comparison Among Various Parameters (before and after Optimization) for Commercial Building
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4.1. Energy Efficiency Based Analysis

We consider various factors, such as occupancy patterns,
weather conditions, and building orientation in order to
forecast energy consumption. The proposed optimum
design recommends the integration of renewable energy
sources with building envelope configurations to achieve
optimal energy efficiency. A collection of fundamental
energy efficiency metrics can be used to assess the relative
performance of different buildings. For instance, the
Industrial building in the data set has the highest energy
intensity (300 kWh/m3, while the Residential building has
the lowest (66.67 kWh/m=. This suggests that the
Industrial building is utilizing a significantly greater
quantity of energy per square meter of floor area than the
Residential building. The energy consumption of a
structure might be influenced by other elements such as
occupancy level, exterior features, and weather. As the
dataset shows, the sample's average energy intensity of the
buildings is 190 kWh/m= The standard deviation of 114
kWh/m=2shows that the energy intensity of the many
constructions varies somewhat fairly. These discoveries
may help certain dataset buildings increase energy
efficiency. Building owners may save money and the
environment by learning and using energy-efficient
methods. The average energy intensity of each group is
compared first, depending on the building type. The
number of people living in a structure and its energy
intensity clearly correlate. Investigate if any of the features
of a building correspond with its energy intensity using
statistical methods. By use of architectural feature analysis,
machine learning helps to construct a model capable of
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forecasting the operational energy usage of a structure.
Table 1 shows the energy intensity of each building.

These results indicate that certain large buildings may be
made more energy-efficient. Building owners may save
expenses and pollution by installing energy efficiency
solutions.

4.2. Material Selection and Sensitivity Analysis

Life Cycle Assessment (LCA) is a process that uses
machine learning algorithms to help estimate the
environmental impact of different materials. Material
optimization recommends ecologically suitable materials
based on performance, cost, and availability. Furthermore,
this helps to decrease waste by discovering material
combinations that lower the quantity of rubbish generated
during construction. One of the most crucial processes in
life cycle assessment (LCA) is sensitivity analysis, which
determines the factors that have the greatest impact on the
overall results. By understanding these characteristics,
decision-makers may focus their efforts on improving data
accuracy or reducing ambiguity in critical areas. The
product's potential to contribute to global warming is most
significantly influenced by the power mix, as indicated by
its highest sensitivity index in Table 2. Consequently,
reducing the carbon intensity of the electricity produced
from sources would be the most significant way to reduce
the overall environmental impact. The sensitivity analysis
table shows how various input parameters affect the LCA
output indicators as they change. It is possible, though, that
the format of the table will vary depending on the method
and program that are used.

Table 1. Energy Intensity of Each Building
Building Type Floor Area (FA) (m3 | Average Occupancy (AO) Annual (ir::/rr?)y(iéﬁ; mption Energ)(/EIIn)tensity
Residential 150 2 10000 66.67
Commercial 200 50 50000 250.00
Commercial 300 100 80000 266.67
Residential 120 3 8000 66.67
Industrial 500 20 150000 300.00

Table 2. Sensitivity Analysis Results

Parameter Sensitivity Index Impact on LCA Results
Electricity mix High Significant impact on global warming potential
Transportation distance Medium Moderate impact on resource depletion
Material composition Low Minor impact on ecotoxicity
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The electricity combination in Table 2 has the highest
sensitivity index, suggesting that it has the most substantial
impact on the product's global warming potential.
Consequently, the most significant contribution to the
reduction of the overall environmental influence would be
an effort to decrease the carbon intensity of electricity
generation. The impact of varying input parameters on
LCA output indicators is typically presented in a sensitivity
analysis table. The table structure may differ based on the
specific methodology and software employed. The
quantity of Material A has the greatest influence on GWP
in Table 3, while the energy consumption of Material B has
the greatest impact on acidification. Transportation
distance has a relatively proportionate effect on all three
impact categories. Table 4 illustrates potential sensitivity
analysis results for a building material, such as concrete.

The Sensitivity Coefficient is a more straightforward
method for quantifying the effect of a 1% change in the
input parameter on the output indication. For each 1%
increase in cement content, the GWP of the concrete
increases by 0.8%. For each 1% increase in the
water-cement ratio, the embodied energy of concrete
increases by 0.5%. For each 1% increase in transit distance,
there is a 0.3% increase in air pollution associated with
concrete.

4.3. Building Performance-Based Simulation

To find the most efficient building configurations for
assessing the design's utility, we consider performance
variables such as thermal comfort, ventilation, and
daylighting options. This enables us to identify the most
effective construction layouts. Machine learning has the
ability to greatly enhance both the operation and design of
environmentally friendly buildings. Using data-driven
insights, architects and engineers can create buildings that
are environmentally friendly, energy-efficient, and
prioritize human needs.

Building performance optimization (BPO) models
provide a multitude of information that can be utilized to
gain a more comprehensive understanding of a building's
energy consumption, environmental impact, and consumer

Optimizing Sustainable Architecture: Machine Learning Approaches for Eco-friendly Building Design

satisfaction. The accuracy of the results is influenced by a
variety of factors, including input data, optimization
objectives, and simulation software. Every energy
consumption estimate consists of three unique components:
total consumption, energy intensity, and energy breakdown
by end-use (which includes, among other things, lighting,
ventilation, and heating). The total amount of energy
utilized is equal to the sum of the three constituent
components.

On the other hand, the natural environment is influenced
by a variety of causes, including human water consumption,
greenhouse gas emissions, and resource depletion. There
are several aspects that may influence indoor
environmental quality (IEQ), but some of the most
significant include temperature, air quality, relative
humidity, and the amount of natural light that can enter a
certain location. The overall amount of comfort that an
occupant perceives is determined by three elements.
Comfort is divided into three subcategories: thermal
comfort, visual comfort, and aural comfort.

4.4. Energy Consumption

Annual energy consumption is the total energy
consumed by the building in a year (kWh). Energy
intensity is energy consumption per unit floor area
(kWh/m3%. Energy breakdown is calculated as the
percentage of energy consumed by different systems
(heating, cooling, lighting, etc.). Greenhouse gas emissions
include total CO; equivalent emissions (kg CO--eq). Water
consumption is computed as total water consumption (m3%
and embodied carbon is carbon emissions associated with
building materials. Indoor Environmental Quality is
measured in terms of Temperature (Average indoor
temperature (°C)), and Humidity (Average indoor relative
humidity (%)). The economic performance is estimated in
terms of capital cost (Initial investment in building
construction and systems), Operating cost (Annual energy
and maintenance costs) and Life cycle cost (Total cost of
ownership over the building's lifespan). Table 5 presents
the comparison among various parameters for building

type.

Table 3. Input and Output Parameter Indicators
Input Parameter Output Indicator | Sensitivity Metric (SM) | SM Value Acidification Eutrophication
Material A quantity GWP Elasticity coefficient 0.25 0.15 0.20
Material A energy consumption | Acidification Percentage change 15% 0.30 0.12
Transportation distance Eutrophication Relative contribution 30% 0.10 0.25

Table 4. Sensitivity Analysis Results for a Building Material

Input Parameter Base Value Sensitivity Coefficient Impact Category
Cement content 300 kg/m= 0.8 Global Warming Potential (GWP)
Water-cement ratio 0.4 0.5 Embodied Energy
Transportation distance 50 km 0.3 Air Pollution




Civil Engineering and Architecture 13(1): 625-636, 2025

633

Table 5. Comparison Among Various Parameters for Building Type

Parameters Residential building Commercial building

Annual Energy Consumption (kWh) (AEC) 12,000 50,000
Energy Intensity (kWh/m= (El) 60 125
Greenhouse Gas Emissions (kg CO2-eq) (GGE) 5,000 25,000
Water Consumption (m¥ (WC) 200 800
Embodied Carbon (kg CO2-eq) (EC) 30,000 1,50,000
Average Temperature (°C) (AT) 22 21
Average Humidity (%) (AH) 45 40

Life Cycle Cost ($) (LCC) 3,50,000 15,00,000

4.5. Sensitivity and Specificity

There is a potential trade-off between the measures of
Sensitivity and Specificity. Augmenting one variable may
lead to a reduction in the other. The ideal equilibrium is
contingent upon the particular use case. In a medical
diagnostic system, having a high sensitivity for a disease is
important in order to prevent the possibility of missing
positive cases, even if it results in some false positives that
need further testing. The Artificial Neural Network (ANN)
techniques for Sensitivity and Specificity demonstrate
strong performance in cost-sensitive learning when
threshold modification is used. If the penalty for
misclassifying a class is raised, the model may be taught to
give more importance to that particular class. Depending
on your financial resources, this might enhance the test's
sensitivity or specificity. Fig. 5(a-c) examines energy
efficiency, sensitivity analysis, and building performance
analysis for residential buildings, focusing on sensitivity
and specificity. Sensitivity and specificity analysis provide
information on the performance of artificial neural
networks (ANNS) in classification tasks, particularly in
datasets with skewed distributions. With knowledge of the
model's proficiency in identifying good and bad instances,
you can now make informed assessments based on the
specific objectives of the application under your
responsibility. Increasing the weight assigned to
misclassifications during training raises the likelihood of
the model developing bias and favoring that particular
class. The distribution of costs may impact either the true
positive rate (TPR) or the false positive rate (FPR),
depending on how financial resources are divided. Fig.
6(a-c) presents an analysis of energy efficiency, sensitivity
analysis, and building performance-based analysis. The
study focuses on sensitivity and specificity for commercial
buildings. A cohort of industry professionals further
argued the machine learning framework's findings and
offered important commentary on the appropriateness of
the suggested designs. The importance of expert input in
addressing particular site scenarios and regulatory
drawbacks that went beyond the model's projections was
brought to light throughout this review process. The final

designs illustrated increased feasibility and alignment with
viable architecture objectives by incorporating human
intelligence into the decision-making process.
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Figure 5. Sensitivity and Specificity Analysis for Residential Building
(a) For Energy Efficiency Analysis (b) for Sensitivity analysis (c) For
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Figure 6. Sensitivity and Specificity Analysis for Commercial Building
(a) For Energy Efficiency Analysis (b) for Sensitivity Analysis (c) For
Building Performance based Analysis

5. Conclusions

The need for sustainable and environmentally friendly
building design has never been more urgent. This study has
shown the capacity of machine learning to transform the
architectural design process by enhancing buildings'
energy efficiency, minimizing carbon emissions, and
enhancing occupant comfort. Our research findings
demonstrate that the use of machine learning for
optimization purposes may result in significant decreases
in energy usage, greenhouse gas emissions, and operating
expenses. Moreover, the optimized designs exhibit
enhanced indoor environmental quality and increased
occupant happiness. Although this study has made
substantial progress, there is still plenty of opportunity for
more investigation. Future research should prioritize the
expansion of optimization parameters, the inclusion of
other sustainability criteria, and the development of more
advanced machine learning models. By furthering the
progress in this area, we can make a valuable contribution
to creating a built environment that is more sustainable and
reducing the negative effects of climate change.

The capacity of machine learning to improve sustainable
building architecture is highlighted by this study. But it
also reinforces how critical human knowledge is to
verifying and placing these outcomes in perspective. To
provide a more balanced technique for sustainable design,
future studies should focus on creating improved feedback
mechanisms that allow closer association between human
experts and machine learning algorithms.

Research Limitations:

e  The research depends on simulations and lacks
real-world application or validation.
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The optimization approach focuses on certain
limitations (e.g., budget, energy targets) and may not
apply to other building types or localities.
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