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Abstract

School buildings are important in terms of energy performance, and their energy demand
varies significantly across different climates. Early design decisions strongly influence this
demand; however, building energy simulations are computationally intensive and limit
rapid evaluation of alternative design options at scale. This study proposes a machine
learning-based surrogate modeling framework to support early design energy assessment
of school buildings across Türkiye’s six TS 825 climatic regions. A comprehensive de-
sign space is defined by varying key parameters, including building shape, orientation,
window-to-wall ratio, shading, glazing systems, and insulation alternatives. Represen-
tative design configurations are generated using stratified random sampling, and then
simulated in EnergyPlus, resulting in a dataset of 30,000 samples. Random Forest, Support
Vector Regression, and Multilayer Perceptron models are developed within a multi-output
regression framework to predict annual heating and cooling energy demand across cli-
matic regions. The models achieve high predictive accuracy and consistent generalization,
with test R2 values exceeding 0.93, while exhibiting performance differences among the
evaluated algorithms. Feature importance analysis identifies window-to-wall ratio and
glazing-related parameters as the most influential early design variables. Overall, the
results demonstrate that machine learning-based surrogate models can substantially reduce
computational effort while providing reliable, climate-responsive support for early design
decision-making.

Keywords: building energy performance; surrogate modeling; machine learning in
architecture; energy prediction; random forest; support vector regression; multi-layer
perceptron; early design stage energy assessment

1. Introduction
Buildings account for a substantial share of global energy consumption and associated

greenhouse gas emissions, making energy-efficient building design a key component of
climate change mitigation strategies [1]. To achieve energy-efficient buildings, evaluating
the impact of architectural and envelope-related design variables on building energy
performance is fundamental. Both building energy simulation (BES) tools and data-driven
approaches, such as machine learning models, are commonly employed to predict building
energy performance [2,3].

Conventional BES tools, many of which are validated according to established stan-
dards, such as EnergyPlus, TRNSYS, and IES-VE, as well as software platforms built upon
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these engines (e.g., DesignBuilder and OpenStudio), provide detailed and physically accu-
rate predictions for buildings at the design stage and for existing buildings calibrated with
measured data [4,5]. However, these tools require substantial modeling effort and compu-
tational time, particularly when evaluating a large number of design alternatives [6,7]. As
a result, exhaustive simulation-based design exploration often becomes impractical within
typical project timelines [8,9].

To address these limitations, data-driven surrogate modeling approaches, particularly
those based on machine learning, have emerged as a promising alternative for early-
stage energy assessment. By learning the relationships between design parameters and
energy performance from a limited number of simulations, machine learning models can
provide rapid and reasonably accurate predictions, enabling iterative design exploration
during early design stages [10]. Machine learning models are often described as black-box
approaches, as the underlying factors driving prediction outcomes may not be directly
interpretable, and models developed for specific cases can exhibit limited transferability to
other design contexts [8,11]. Accordingly, this study focuses on the effective application
and systematic evaluation of surrogate modeling within an early-design energy assessment
framework across multiple climatic contexts.

Regarding data sources for machine learning-based energy prediction, two primary
alternatives are commonly used: real operational data and simulation-based data. While
operational datasets obtained from smart meters or building management systems can pro-
vide valuable insights, they typically require extensive data collection, preprocessing, and
cleaning efforts [12,13]. In contrast, simulation-based datasets derived from transparent,
physics-based models enable well-controlled and structured input–output relationships,
making them particularly suitable for supervised machine learning applications that sup-
port early design stage exploration [10,14,15]. In practice, operational data are often used to
calibrate or validate physics-based simulation models, and the resulting simulation outputs
are subsequently employed to train surrogate models for energy analysis.

Unlike many machine learning applications in the building domain that rely on
operational data for short-term or real-time energy forecasting [16], surrogate models
trained on simulation-based datasets are specifically suited to design-stage decision-making,
when operational data are not yet available. In this context, the representativeness and
coverage of the training dataset play a critical role in determining surrogate model reliability,
as models trained on narrowly defined or insufficiently sampled design spaces may exhibit
limited generalization capability. Moreover, modeling decisions are sometimes made
without fully understanding their potential impact on prediction performance, which can
lead to unstable or suboptimal modeling workflows [11]. In this regard, Kömürcü and
Edis (2025) [11] reported that key factors influencing prediction accuracy include the choice
of machine learning algorithm, the selection of input variables, and the definition of the
sampling range.

Among public buildings, schools constitute an important building category in Türkiye
in terms of energy consumption, due to their long operating hours, high occupancy den-
sities, and intensive daily use patterns. According to national statistics, school buildings
account for a considerable share of non-residential energy consumption in Türkiye, with
their contribution estimated at approximately 23% of the total non-residential sector energy
use [17]. In this context, the fact that their heating and cooling energy demand is highly sen-
sitive to architectural and envelope-related design decisions is particularly important [18].
Early-stage choices regarding building geometry, orientation, window-to-wall ratio (WWR),
shading configuration, and envelope properties directly influence the building’s long-term
heating and cooling energy demand during operation [19]. At the conceptual design stage,
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design flexibility is high and modifications can be implemented at relatively low cost;
however, reliable feedback on energy performance is often limited at this phase [20].

Beyond its technical importance, energy efficiency in buildings has increasingly be-
come a regulatory requirement at both international and national levels. Many countries
are strengthening their legal frameworks to reduce building energy consumption, often
by updating national standards and climate classifications to reflect local conditions. In
this context, Türkiye continues to revise its building energy regulations in alignment with
European Union directives [21] while adapting them to its own climatic and regional
characteristics [22]. The Second National Energy Efficiency Action Plan (2024–2030) [23]
identifies the building sector as a priority for reducing energy consumption and greenhouse
gas emissions, promoting higher energy performance standards and increased integration
of renewable energy systems. In parallel, the 2024 revision of the national thermal insu-
lation standard TS 825 [24] introduced stricter envelope performance requirements and
expanded the national climate classification from four to six regions [25]. These regulatory
developments emphasize the necessity of climate-responsive early-stage architectural and
envelope-related design decisions to achieve energy efficiency and regulatory compliance
across diverse climatic conditions.

1.1. Research Gap and Objectives

Despite the growing body of research on machine learning-based approaches for
building energy prediction, several limitations persist with respect to early design-stage
decision support. Existing studies are often constrained by a limited set of design pa-
rameters, focus on a single building type, or are restricted to specific climatic contexts,
thereby reducing their applicability for comprehensive early-stage design exploration and
generalization [8,14,26–28]. Multiple review studies consistently report that data-driven
models are predominantly developed for case-specific scenarios, with limited attention
given to transferability across building typologies or climatic conditions [8,14,28].

In particular, prediction frameworks that explicitly align with national or regulatory
climate zoning schemes remain limited. While climatic conditions are commonly included
as input variables in machine learning models, they are typically incorporated implicitly
through weather files rather than organized according to regulatory climate classifications.
As a result, many existing models offer limited direct support for policy and regulation-
compliant design decision-making [27–29].

Furthermore, while simulation-driven machine learning studies increasingly inves-
tigate large parametric design spaces, training datasets are frequently generated using
heuristic or non-systematic sampling strategies. Existing reviews highlight substantial
variation in dataset construction, feature selection, and data preprocessing, often with-
out explicit consideration of how representativeness and computational efficiency are
balanced [11,12,14,28]. This lack of systematic dataset design can limit surrogate model
robustness and reduce generalization to new or unexplored design configurations.

Another persistent limitation concerns the interpretability of machine learning out-
puts in architectural decision-making, particularly at early design stages. Although many
studies report high predictive accuracy, they often provide limited clarification of how
model outputs can inform specific architectural decisions, such as envelope configuration
or design option comparison [8,28,29]. Recent reviews further highlight that black-box mod-
eling approaches and insufficiently transparent workflows restrict integration of machine
learning tools into design practice [11,30].

These limitations are particularly critical for school buildings, where heating and
cooling energy demand is highly sensitive to early-stage architectural and envelope-related
design decisions, and where compliance with climate-responsive national regulations is
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essential. In Türkiye, recent studies have demonstrated the feasibility of simulation-based
and data-driven approaches for assessing building energy performance under specific
climatic conditions or through individual building case studies.

Despite these efforts, review studies consistently indicate that early-stage machine
learning-based energy prediction approaches remain focused on isolated cases and specific
contexts, with limited integration of building typology and climatic diversity within a
unified modeling structure. As a result, comprehensive early-stage energy prediction
frameworks that systematically address school building typologies, representative design-
space sampling, and multiple climatic regions at a national scale remain scarce [9,14,28,31].

Accordingly, this study aims to develop a machine learning-based early-stage energy
prediction framework to estimate annual heating and cooling energy demand of school
buildings across Türkiye’s six climatic regions defined by TS 825, the “TS 825 Thermal
Insulation Requirements for Buildings” standard, which serves as Türkiye’s principal
regulation for thermal insulation and building envelope performance (TS 825:2024) [24,25].
The framework is based on a simulation-generated dataset obtained by systematically
varying key architectural and envelope-related design parameters, enabling rapid energy
performance prediction without reliance on time-intensive simulations. In addition, the
proposed approach supports identification of influential design parameters to inform
climate-responsive early-stage design decisions for educational buildings. The specific
objectives of the study are to:

1. Define a comprehensive early-stage parametric design space based on architectural
and envelope-related variables relevant to school buildings;

2. Generate a representative multi-climate simulation dataset using a strategic sampling
approach that balances design space coverage and computational efficiency [11,14,28];

3. Develop and evaluate machine learning models capable of predicting annual heating
and cooling energy demand of school buildings across multiple climatic regions
within a unified framework;

4. Analyze the relative influence of key design parameters to support climate-responsive
early-stage decision-making.

1.2. Contributions of the Study

This study contributes to research on early-stage building energy prediction and
climate-responsive design in several important ways. First, it proposes a machine learning-
based surrogate modeling framework developed to support early-stage energy assessment
of school buildings across diverse climatic regions. While previous studies in Türkiye have
demonstrated the feasibility of data-driven energy prediction for individual building cases
or selected climatic contexts, the proposed framework extends this body of work by explic-
itly incorporating Türkiye’s six national climate zones within a unified predictive structure.

Second, the study defines and systematically explores an early-stage parametric de-
sign space encompassing building geometry, envelope properties, glazing characteristics,
orientation, and shading strategies relevant to school buildings. By adopting a structured
sampling strategy based on simulation-generated data, the proposed approach addresses
limitations observed in both international and national studies related to dataset represen-
tativeness, scalability, and robustness.

Third, supervised machine learning models are developed and evaluated to predict
annual heating and cooling energy demand of school buildings under multiple climatic
conditions within a single modeling framework. This enables efficient and consistent
performance evaluation across regions, substantially reducing reliance on repetitive and
time-intensive simulation workflows reported in prior studies.
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Finally, the study examines the relative importance of key architectural and envelope-
related design parameters through feature importance analysis, enhancing interpretability
and decision relevance of machine learning predictions for early-stage architectural design.
To further demonstrate practical applicability, a graphical user interface is developed,
enabling designers and practitioners to obtain rapid energy predictions for school buildings
during the early design phase.

2. Background: Machine Learning-Based Energy Prediction in
Early Design
2.1. Early-Stage Building Energy Prediction and Design Challenges

Early-stage architectural decisions strongly influence long-term building energy per-
formance. Key parameters such as geometry, orientation, window ratio, shading, and
envelope properties are set during the conceptual design phase, when design flexibility is
high, and modifications are relatively low-cost. However, these early phases also involve
uncertainty due to limited information on systems, schedules, and materials.

Physics-based building energy simulation tools can predict building energy demand
with high physical accuracy. However, their use at the early design stage is limited, as they
require detailed input data, substantial modeling effort, and long computation times. When
designers need to compare many design alternatives, running detailed simulations for each
option becomes impractical within typical project schedules. Several review studies have
therefore identified a persistent gap between the need for fast performance feedback in
early design and the complexity of detailed simulation workflows [14,19,28].

To address these limitations, designers often rely on simplified calculations, rule-of-
thumb methods, or simplified energy models when detailed physics-based simulations
or data-driven approaches are not yet practical. These approaches reduce computation
time, but they cannot fully represent the complex interactions between architectural design
variables, climate conditions, and building energy performance. As a result, early design
decisions are often made with limited quantitative feedback, which increasing the risk of
later-stage design revisions.

Previous research has emphasized the importance of explicit design space exploration
and rapid performance feedback in overcoming these limitations. Simulation-based design
space exploration, particularly when combined with metamodeling techniques, has been
shown to improve designers’ understanding of the relationships between architectural
parameters and energy performance, while enabling interactive evaluation of alternative
design solutions [32]. These studies highlight the value of fast and interpretable feedback
during early design stages, rather than relying solely on detailed simulation at later phases.

Climatic variability further complicates early-stage energy prediction. Building energy
demand strongly depends on local climate conditions, and design strategies that work
well in one climate may be ineffective in another. However, many early-stage evaluation
methods assume a single climatic context or rely on broad climate descriptors, limiting
their ability to support climate-responsive design across regions [27,28].

This issue is particularly important for educational buildings. Simulation-based stud-
ies on school buildings in Türkiye show that heating and cooling energy demand is strongly
affected by early-stage architectural decisions, such as building massing and orientation,
and that identical school typologies can perform very differently across climatic regions
defined by national regulations [17]. These findings highlight the need for early-stage eval-
uation frameworks that jointly account for architectural variation and climatic diversity.

Recent data-driven methods provide a promising way to address these challenges.
Using simulation-generated or measured datasets, machine learning models can estimate
building energy performance quickly, without the need to run detailed simulations repeat-
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edly. Review studies report that these approaches can balance computational speed and
predictive accuracy, especially during early design stages when designers need to evaluate
many design options [8,26]. However, to be effective in practice, such methods require
careful selection of model inputs, well-structured datasets, and explicit links to design
decisions. These requirements have increased interest in surrogate modeling approaches
that specifically support early-stage architectural decision-making.

2.2. Machine Learning-Based Surrogate Models for Early-Stage Building Energy Prediction

Machine learning-based surrogate models, also referred to as metamodels, are de-
signed to approximate the input–output behavior of physics-based building energy sim-
ulations. By learning the relationships between design variables and simulation outputs,
surrogate models substantially reduce computational cost and enable rapid evaluation of
large parametric design spaces. As a result, they have become an increasingly attractive
alternative to repeated dynamic simulation when early-stage design exploration involves
numerous design alternatives [33,34].

Early key studies on surrogate modeling for building performance simulation demon-
strated that techniques such as random forest, support vector regression, artificial neural
networks, and Gaussian process regression can accurately emulate simulation outputs
while enabling efficient exploration of high-dimensional design spaces [35]. These studies
established the methodological feasibility of surrogate models as effective approximations
of physics-based simulations for comparative design assessment.

More recent research has confirmed the applicability of machine learning-based surro-
gate models to early-stage building design contexts using simulation-generated datasets.
For example, Shirzadi et al. (2025) [36] compared multiple surrogate modeling techniques
against simulations and reported substantial reductions in computational time while main-
taining high predictive accuracy for early-stage energy and cost evaluation. Such findings
demonstrate that surrogate models can provide reliable performance estimates within the
time constraints of conceptual design.

Studies have applied a wide range of machine learning algorithms, including tree-
based models, support vector machines, and multilayer perceptron neural networks. Some
studies also use multi-output learning to predict several performance indicators at the
same time. However, many of these models focus on time-scale consistency or operational
forecasting, rather than on the specific needs of early-stage architectural design decision-
making [37].

Several studies have specifically investigated surrogate models for early-stage energy
prediction by progressively incorporating design information as it becomes available.
Incremental learning frameworks trained on simulation-generated datasets have been
shown to provide reliable energy performance estimates during conceptual design while
significantly reducing dependence on repeated simulation runs [31]. These approaches
highlight the potential of surrogate models to support evolving design workflows in early
project phases.

Surrogate models have also been integrated into optimization frameworks to further
improve computational efficiency [38]. For instance, an SVR-based surrogate trained on
EnergyPlus simulation data was embedded within a Bayesian optimization workflow
to identify energy-optimal envelope design parameters for an office building, achieving
substantial reductions in computational effort while maintaining predictive accuracy [39].
Similar surrogate-assisted optimization approaches have been applied in the Turkish
context to support envelope design under national regulatory constraints, demonstrating
the feasibility of combining simulation-driven machine learning with regulation-informed
design variables [40].
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Recent studies in Türkiye have additionally demonstrated the applicability of
simulation-trained machine learning models for early-stage energy performance estimation
under specific climatic conditions. Surrogate models trained on parametric simulation
datasets have been used to predict cooling energy demand for residential buildings within
a single climatic zone, confirming the methodological viability of early-stage machine
learning prediction in the local context [41]. While such studies provide valuable evidence
of feasibility, their scope is typically limited to specific building types and climatic contexts.

Artificial neural networks, particularly multilayer perceptron architectures, remain
among the most widely adopted surrogate modeling techniques due to their capacity
to approximate complex nonlinear relationships between design variables and energy
performance indicators. These models offer strong predictive capabilities but are commonly
regarded as black-box approaches, which motivates the use of sensitivity analysis or
variable-importance techniques to enhance interpretability and support design decision-
making [42].

Overall, existing research demonstrates that machine learning-based surrogate mod-
els can effectively emulate simulation-based building energy evaluation and substantially
reduce computational burden during early design stages. However, most applications
remain focused on specific building configurations, single climatic contexts, or optimization-
oriented tasks. As a result, important limitations persist in terms of design stage coverage,
building type generalization, and climatic scope, highlighting the need for more comprehen-
sive surrogate modeling frameworks tailored to early-stage architectural design exploration.

2.3. Limitations of Existing Machine Learning-Based Energy Prediction Studies

Although machine learning is widely used in building energy research, important
limitations remain for early-stage architectural design decision-making. Many existing
studies focus on operational performance, system control, or post-occupancy analysis
rather than on conceptual design support. As a result, many machine learning models
predict operational indicators such as short-term energy demand or indoor environmental
conditions, which are less relevant for early-stage design when architectural and envelope-
related decisions are still flexible [43].

Many data-driven energy prediction models are developed for single buildings or
for operational forecasting, and they often rely on measured energy consumption data
from existing buildings. Because these models are based on fixed building characteristics
and usage patterns, they are difficult to transfer to new design alternatives or conceptual
design scenarios [44]. Similar patterns appear in studies of public buildings, where machine
learning is commonly used for operational diagnosis or performance benchmarking rather
than for early-stage design exploration [45].

Support vector regression (SVR)-based models illustrate these limitations clearly. Many
SVR studies rely on sensor or meter data from existing buildings to predict operational
energy use, rather than to evaluate parametric design alternatives during the early design
stage [16]. As a result, these models are usually developed for existing buildings, which
limits their use in early-stage architectural contexts where design variables are not yet
defined [46]. Even more advanced SVR formulations mainly aim to improve prediction
accuracy for specific buildings and give limited attention to multi-climate generalization or
design-oriented decision support [47]. In addition, SVR-based approaches are often applied
to the operational energy management of specific building types, such as hotels, rather
than to early-stage architectural design evaluation across different building typologies [48].

Some studies also use machine learning models as supporting tools within optimiza-
tion workflows. In such cases, machine learning is trained on a limited subset of simulation
results to accelerate optimization, rather than serving as a general surrogate model for
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comprehensive early-stage design exploration. While effective for targeted optimization
tasks, these approaches typically do not support broad parametric exploration or climate-
responsive design analysis [49].

Early applications of artificial neural networks further highlight the historical evo-
lution of data-driven energy prediction. Although early ANN studies demonstrated the
potential of data-driven models for estimating building heating loads using limited input
information, they were primarily based on empirical room-level datasets and simplified
representations of envelope properties. These studies lacked integration with dynamic
building energy simulation tools and did not consider climatic diversity or architectural
variability, limiting their relevance for contemporary early-stage design workflows [50].

The limitations of existing machine learning approaches are particularly evident in
studies focusing on educational buildings. Several investigations on school buildings apply
machine learning primarily to retrofit analysis or climate-change impact assessment of
existing facilities, rather than to early-stage architectural design exploration [51]. Similarly,
large-scale machine learning studies on school buildings often rely on operational energy
consumption data to support facility management or cost estimation. While valuable for
operational decision-making, such models are typically based on fixed building charac-
teristics and single-climate conditions, and therefore do not explicitly support parametric
early-stage design evaluation [52].

Collectively, these limitations indicate that although machine learning-based energy
prediction methods are well established, existing studies remain fragmented with respect
to design stage, building type, and climatic scope [33]. In particular, early-stage surrogate
modeling frameworks that systematically integrate representative design inputs, multiple
climatic regions aligned with national regulations, and interpretable outputs designed to
support architectural decision-making, especially for school buildings, remain limited. This
motivates the development of unified, simulation-trained machine learning frameworks
capable of supporting rapid, climate-responsive early-stage design exploration across
diverse climatic contexts.

3. Materials and Methods
3.1. Overview of the Research Framework

As illustrated in Figure 1, the research framework integrates building energy simu-
lation with machine learning to enable rapid prediction of building energy performance
and to quantify the relationship between key design and envelope parameters and an-
nual energy demand during the early design stage. The methodology begins with the
systematic definition of key design parameters, including climate, building typologies
representing different plan-layout configurations, envelope constructions, glazing systems,
orientation, window-to-wall ratio (WWR), and shading options. These parameters are
combined to represent a comprehensive set of early-stage design configurations relevant to
climate-responsive building design.

Dynamic building energy simulations are conducted using DesignBuilder v7.3 [53],
with EnergyPlus 9.4.0 [54] as the simulation engine. For each design configuration, annual
heating and cooling energy demands are calculated. The resulting dataset, consisting
of design inputs and corresponding annual heating and cooling energy consumptions,
is then used to train and validate machine learning models. Once trained, the mod-
els serve as surrogate predictors, estimating energy demand without computationally
intensive simulations.

The framework is specifically intended to support climate-responsive and energy-
efficient decision-making during early design phases, where limited information is available
and rapid evaluation of multiple design alternatives is essential. To this end, the design
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space is structured hierarchically across three main parameter groups: geometry, window
systems, and envelope insulation.

 

Figure 1. Research framework illustrating systematic definition of design configurations, strategic
sampling, multi-climate energy simulation, and machine learning-based surrogate modeling for
building energy prediction. The arrows indicate the workflow and data flow between sequential
methodological steps. (figure generated using Microsoft Visio 2021).

At the geometric level, building plan layout is represented using four plan typologies
(rectangular, L-shaped, U-shaped, and H-shaped), which are combined with eight orienta-
tion angles, resulting in 32 distinct geometric configurations. Window-related parameters
include three WWR levels, five glazing system types, and three shading depths, yielding
45 unique window configurations through combinatorial interaction. Envelope insulation
parameters introduce the highest level of complexity, comprising 12 ground-floor insula-
tion alternatives, 18 roof insulation options, and 20 exterior wall insulation configurations,
which together generate 4320 envelope combinations.

The full design space is obtained by combining geometric, window, and envelope
parameters (32 × 45 × 4320), resulting in 6,220,800 unique building configurations. When
these configurations are evaluated across six representative Turkish climate regions, An-
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talya, Ankara, Erzurum, Hakkari, Istanbul, and İzmir, the total number of required Energy-
Plus simulations increases to 37,324,800.

The computational feasibility of exhaustively simulating this design space was as-
sessed. With an average simulation time of approximately 30 s per EnergyPlus run, complet-
ing all simulations sequentially would require nearly 18.7 million minutes, corresponding
to several decades of continuous computation on a single processor. Even under optimistic
parallel computing assumptions, such as distributing simulations across 100 processing
cores, the total runtime would still extend over several months, excluding additional
overheads related to data handling, job scheduling, and system availability. Given these
constraints, exhaustive simulation of the entire design space is impractical in typical aca-
demic research environments. This limitation necessitates a strategic sampling approach,
which significantly reduces the number of required simulations while maintaining repre-
sentative coverage of the design space. The sampling methodology employed in this study
is described in the following sections.

3.2. Definition of Design Parameters

A set of building design and envelope parameters, typically established during the
early stages, is identified as having a significant impact on building energy performance.
The design space includes all possible combinations of these parameters, as illustrated in
Figure 1, and is defined based on Turkish building energy performance regulations [24] and
standard architectural practices for school buildings in Türkiye. The following subsections
provide detailed descriptions of each parameter.

3.2.1. Climatic Regions

Climate strongly influences building energy demand and envelope design require-
ments. In Türkiye, climate classification for building energy calculations is defined by
TS 825. In its 2024 revision [24,25], TS 825 expanded the national climate categories from
four to six climatic regions (CR-1 to CR-6), revised the energy calculation methodology to
require both heating and cooling energy demand assessments instead of heating demand
only, and introduced stricter U-value limits for exterior walls, roofs, and ground floors,
reinforcing the need for climate-responsive building design.

In this study, one representative city was selected from each TS 825 climatic region,
Antalya (CR-1), İzmir (CR-2), İstanbul (CR-3), Ankara (CR-4), Hakkari (CR-5), and Erzurum
(CR-6), to ensure full coverage of the updated regulatory framework while maintaining
computational feasibility. Since TS 825 defines identical envelope performance limits for
all cities within the same climatic region, the selected cities serve as reference locations for
implementing region-specific requirements, rather than representing local microclimatic
variability. The full list of cities assigned to each climatic region is provided in Appendix A.

This approach enables consistent comparison of building energy performance across
all six climatic regions defined in TS 825 (2024), ensures regulatory relevance, and remains
aligned with common practice in previous building energy simulation studies conducted
in Türkiye.

3.2.2. Building Plan Typologies

Four building plan typologies, rectangular, L-shaped, H-shaped, and U-shaped, were
considered in this study. These forms were selected as representative school building plan
types that have been widely used in previous building energy and geometry-related studies
to examine the influence of plan configuration on energy performance [55]. Prior research
indicates that such basic plan types effectively capture key geometric characteristics, includ-
ing variations in compactness, façade articulation, and wing-based layouts, which directly
influence solar exposure and heat transfer in educational buildings [55].
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The selection of these typologies was not intended to represent the full diversity of
real-world school layouts, but rather to enable a controlled and systematic comparison of
plan layout-level effects. By focusing on simplified and clearly distinguishable forms, the
analysis isolates the impact of plan configuration while avoiding additional complexity in-
troduced by irregular or highly articulated geometries. Similar archetype-based approaches
have been successfully employed in previous studies to evaluate the effect of plan geometry
under different climatic and design conditions [35,56].

This approach is further supported by recent research on school buildings in
Türkiye [57,58] which reports a high degree of typological similarity across primary, sec-
ondary, and high schools, with overlap ratios ranging from 69% to 92% and limited variation
across climate zones. These findings suggest that school buildings in Türkiye generally
follow a limited number of recurring geometric patterns, supporting the suitability of
archetype-based modeling for energy performance analysis.

Rather than replicating specific real-world layouts, the plan typologies were intentionally
constructed using a modular design approach. Each plan was generated by combining
the same functional units on each floor: eight classrooms (5 × 5 m, 25 m2 each), four
administrative spaces (5 × 7.5 m, 37.5 m2 each), and six service units (2.5 × 5 m, 12.5 m2

each). These modules were arranged into different spatial configurations to form the four
plan typologies, while maintaining identical functional composition across all cases. To
isolate the effect of plan geometry on energy performance, all typologies were designed
with the same total floor area (562.5 m2) and total building volume (1968.8 m3). By holding
these parameters constant, differences in annual heating and cooling energy demand can be
attributed primarily to plan configuration, rather than building size. A base-case WWR of 30%
was initially defined to ensure consistent geometric comparison. WWR was subsequently
treated as an independent design variable and systematically varied, along with glazing type
and shading depth, during machine learning model development. This separation allows the
influence of plan geometry to be evaluated independently from fenestration effects. The key
geometric characteristics of the four plan typologies are summarized in Table 1.

Table 1. Building plan typologies considered in this study.

Plan Type Rectangle Shape L shape H Shape U Shape

Building
Energy
Model

      

Plan
Layout

Total Floor
Area (m2) 562.5 562.5 562.5 562.5

Total
Building

Volume (m3)
1968.8 1968.8 1968.8 1968.8

WWR (%) 30 30 30 30

Note: All plan typologies were designed with identical total floor area, total building volume, and WWR to isolate
the impact of plan geometry on energy performance.
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Overall, the selected plan typologies provide a methodologically robust and transpar-
ent framework for evaluating the impact of representative plan layouts on school building
energy performance within a controlled early design context. The use of modular, size-
controlled archetypes supports systematic comparison across climates while remaining
suitable for large-scale parametric simulation and machine learning-based analysis.

3.2.3. Building Orientation

Building orientation was examined by rotating each plan in 45◦ increments from a
north-facing reference defined as 0◦, resulting in eight orientations (0◦, 45◦, 90◦, 135◦, 180◦,
225◦, 270◦, and 315◦). The same orientation set was applied to all plan typologies to ensure
a consistent assessment of orientation effects on energy performance. Table 2 presents these
orientation alternatives, illustrated using the H-shaped plan as a representative example.

Table 2. Orientation angles applied to building plan typologies.

Orientation
Degree 0◦ 45◦ 90◦ 135◦

Plan Layout

 
         

Orientation
Degree 180◦ 225◦ 270◦ 315◦

Plan Layout

                
Note: All plan typologies were evaluated using the same eight orientation angles (0–315◦ at 45◦ intervals).

3.2.4. Window to Wall Ratio

The WWR was defined as the ratio of the total glazed area to the gross exterior wall
area of the building envelope. In this study, three discrete WWR levels (20%, 40%, and 60%)
were considered to represent low, medium, and high glazing scenarios in the base-case
school buildings.

The selected WWR levels were applied consistently across all building plan typologies
and orientations to isolate the impact of glazing ratio on heating and cooling energy demand.
Table 3 shows the façade configurations for each WWR level. Window distribution was
maintained uniformly along the façades to avoid localized solar concentration effects and
ensure comparability between scenarios.

3.3. Definition of Envelope Parameters

The building materials for each envelope component and their thermophysical prop-
erties are summarized in Table 4. Exterior walls, interior walls, ground floors, and roofs
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were modeled using standard layered constructions commonly used in educational build-
ings. Structural layers, finishes, and membranes were held constant across all cases, while
insulation layers were treated as variable parameters and examined in detail in the follow-
ing sections.

Table 3. Window to wall ratio levels applied to all building plan typologies and orientations.

WWR 20% 40% 60%

Facade

Note: All plan typologies were evaluated using the window to wall ratios (20%, 40%, 60%).

Table 4. Building envelope materials and their thermophysical properties.

Building Envelope Materials Thickness (mm) Conductivity (W/mK) Specific Heat (J/kgK) Density (kg/m3)

Exterior Wall

Cement plaster 0.030 0.72 840 1760
Insulation Material vary vary vary vary

Brick 0.190 0.23 840 733
Gypsum plaster 0.020 0.51 960 1120

Interior Wall
Gypsum plaster 0.020 0.51 960 1120

Brick 0.135 0.36 840 600
Gypsum plaster 0.020 0.51 960 1120

Ground Floor

PVC/rubber floor covering 0.005 0.40 1000 1380
Floor/Roof Screed 0.050 0.41 840 1200
Insulation Material vary vary vary vary

polyethylene 0.001 0.33 2200 920
Cast Concrete 0.100 1.13 1000 2000

Bitumen felt/sheet 0.005 0.23 1000 1100
Compacted Gravel/Soil Base 0.100 0.52 180 2050

Ceiling/Roof

Gravel 1/2in (RG01) 0.050 2.0 1674 881
Bitumen felt/sheet 0.005 0.23 1000 1100
Floor/Roof Screed 0.050 0.41 840 1200
Insulation Material vary vary vary vary

polyethylene 0.001 0.33 2200 920
Reinforced Concrete Slab 0.015 2.30 1000 2300

Gypsum plaster 0.020 0.51 960 1120

Note: The term “vary” indicates that the insulation layer was treated as a design variable. Its properties, including
thickness, thermal conductivity, density, and specific heat, are defined and discussed in detail in the Section 3.3.1.

3.3.1. Wall, Roof and Floor Insulation Types

Under TS 825 (2024), the maximum allowable U-values for exterior walls, roofs, and
ground floors vary by climatic region across Türkiye. As summarized in Table 5, these
limits become progressively more stringent from hot and mild regions (CR-1 to CR-3) to
cold and very cold regions (CR-4 to CR-6), reflecting increased heating demand in colder
climates. The TS 825 U-value thresholds serve as reference constraints to ensure that all
opaque envelope configurations evaluated in this study comply with national thermal
insulation requirements.

Table 5. Maximum allowable U values for opaque envelope components according to TS 825 (2024).

Climatic Regions * Selected City from
Climatic Region

Limit U Value for
Wall (W/m2K)

Limit U Value for
Ceiling/Roof (W/m2K)

Limit U Value for
Floor (W/m2K)

CR-1 Antalya ≤0.45 ≤0.35 ≤0.40
CR-2 Izmir ≤0.40 ≤0.30 ≤0.35
CR-3 Istanbul ≤0.40 ≤0.30 ≤0.35
CR-4 Ankara ≤0.35 ≤0.25 ≤0.30
CR-5 Hakkari ≤0.25 ≤0.20 ≤0.25
CR-6 Erzurum ≤0.25 ≤0.20 ≤0.25

* Climatic Regions (CR) per TS 825 (2024).
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For each envelope component, insulation material types were defined with discrete
thickness levels, and the total number of variants was controlled to ensure a structured
and computationally manageable parametric space. Table 6 summarizes the insulation
materials, thickness ranges, thermal conductivities, and the number of variants considered
for exterior walls, roofs, and ground floors.

Table 6. Insulation material types, thickness levels, and number of variants considered in the
parametric analysis.

Category Insulation Materials IDs Conductivity (W/mK) Thicknesses (mm) Number of Variants

Wall
Insulation (W)

XPS (W1) W1.1–W1.5 0.034 40, 50, 80, 100, 120 5
EPS (W2) W2.1–W2.5 0.040 50, 60, 80, 100, 120 5

Glass wool (W3) W3.1–W3.5 0.036 50, 60, 80, 100, 120 5
Stone wool (W4) W4.1–W4.5 0.038 50, 60, 80, 100, 120 5

Roof
Insulation (R)

XPS (R1) R1.1–R1.6 0.034 90, 100, 120, 140, 160,180 6
Glass wool (R2) R2.1–R2.6 0.040 100, 120, 140, 160, 180, 200 6
Stone wool (R3) R3.1–R3.6 0.035 90, 100, 120, 140, 180, 200 6

Floor
Insulation (F)

XPS (F1) F1.1–F1.6 0.034 70, 80, 90, 100, 110, 120 6
EPS (F2) F2.1–F2.6 0.035 70, 80, 90, 100, 110, 120 6

Wall insulation options include XPS, EPS, glass wool, and stone wool, represented by
market-available conductivity values and a controlled set of thicknesses. These thickness
options were screened against the TS 825 (2024) maximum allowable wall U-value require-
ments. Accordingly, a 40 mm thickness was retained only for XPS due to its compliance in
CR-1, while other wall insulation materials start at 50 mm to ensure compliance across the
selected climatic regions.

Roof insulation alternatives were defined using XPS, glass wool, and stone wool
with market-representative thickness ranges. These options were evaluated against the
TS 825 maximum allowable roof U-value limits. The final selection includes the minimum
compliant thicknesses for each climatic region, complemented by intermediate values to
improve dataset resolution and support machine learning model training.

Floor insulation options include XPS and EPS, with thicknesses ranging from 70 to
120 mm. These values were selected to satisfy TS 825 maximum allowable floor U-value
limits across all climatic regions, while additional intermediate thicknesses were included
to enhance parametric coverage.

Overall, this systematic definition of insulation materials and thickness ranges ensures
regulatory compliance, realistic construction representation, and sufficient variability for
robust machine learning model development, while avoiding unnecessary expansion of
the design space.

3.3.2. Window Types

According to TS 825 (2024), while the maximum window U-value is uniformly limited
to 1.80 W/m2K for all climatic regions, the g-value requirement varies by climate. For hot
and warm regions (CR-1 to CR-3), lower g-values (≤0.45) are prescribed to limit solar heat
gains and reduce cooling demand. In contrast, for cold and very cold regions (CR-4 to
CR-6), higher g-values (≥0.55) are required to promote passive solar gains and support
heating demand. The g-value in TS 825 corresponds to the solar heat gain coefficient
(SHGC) used in EnergyPlus (Table 7). Although TS 825 regulates window performance
based on U value and g-value, visible transmittance (VT) is not regulated; however, VT
values are required for glazing definition in EnergyPlus and were therefore included as
input parameters during dataset generation and machine learning model development.
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Table 7. Maximum allowable U and g values for windows according to TS 825 (2024).

Climatic Regions * Selected City from
Climatic Region

Limit Values for Window

U Value (W/m2K) g (-) **

CR-1 Antalya ≤1.80 ≤0.45
CR-2 Izmir ≤1.80 ≤0.45
CR-3 Istanbul ≤1.80 ≤0.45
CR-4 Ankara ≤1.80 ≥0.55
CR-5 Hakkari ≤1.80 ≥0.55
CR-6 Erzurum ≤1.80 ≥0.55

* Climatic Regions (CR) per TS 825 (2024). ** According to TS 825, the g-value represents the total solar energy
transmittance of the window and corresponds to the solar heat gain coefficient (SHGC).

Common double-glazing systems widely used in Türkiye were selected from the
DesignBuilder library in accordance with TS 825 window performance requirements. The
analyzed 6–16–6 mm glazing configurations include clear, low-E, spectrally selective low-
E, and tinted glass options. All selected systems comply with the maximum allowable
window U-value specified in TS 825 and collectively span the full range of g-value limits
prescribed for different climatic regions (Table 8). This combination of thermal and so-
lar properties enables systematic assessment of window–climate interactions within the
machine learning framework.

Table 8. Window glazing types and thermal–solar properties considered in the parametric analysis.

Category IDs Layers U Value (W/m2K) SHGC * VT **

Window Types
(WN)

WN1 Clear/Air/Clear (6–16–6) 1.236 0.340 0.577
WN2 Low-E/Air/Clear (6–16–6) 1.219 0.318 0.596
WN3 Low-E/Air/Low-E (6–16–6) 1.362 0.305 0.252
WN4 Selective Low-E/Air/Low-E (6–16–6) 1.559 0.587 0.666
WN5 Tinted Low-E/Air/Tinted (6–16–6) 1.803 0.568 0.745

* SHGC corresponds to the g-value defined in TS 825. ** VT denotes the visible transmittance of the glazing system
and was used as an input feature in the machine learning models.

3.3.3. Shading Configuration

External horizontal shading devices were included as a façade-related parameter in the
parametric analysis. As shown in Table 9, three shading depth alternatives were defined:
no shading (d = 0 m), moderate shading (d = 0.5 m), and deep shading (d = 1.0 m). These
values were selected to provide a systematic and comparable assessment of shading depth
on solar gains and building energy performance.

Table 9. Shading options considered in the parametric analysis.

Shading Depth (d) d = 0 (No Shading) d = 0.5 m d = 1.0 m

Shading
Alternatives

3.4. Dataset Creation, Preprocessing, and Sampling Strategy

This section describes the process of generating the simulation-based dataset, including
automated model input generation, extraction of annual heating and cooling loads, and
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data preparation for machine learning. The dataset was created by systematically varying
the design and envelope parameters defined in Sections 3.2 and 3.3.

3.4.1. Input File Generation and IDF Automation

Base-case building models for each plan typology were first created in DesignBuilder
and then exported as EnergyPlus input files (IDF). A Python 3.10 based automation work-
flow was used to modify these IDF files by systematically assigning the defined design and
envelope parameters.

This automated process enabled the efficient generation of a large number of simu-
lation cases while reducing manual effort and potential modeling errors. Each IDF file
corresponds to a unique combination of input parameters within the predefined design
space. The simulation process was further automated in Python 3.10 to link each IDF file
with the appropriate EPW weather file(s) and to control batch execution settings, such as
output management and file storage.

3.4.2. Building Energy Simulations and Output Data Extraction

All generated IDF files were simulated using the EnergyPlus engine through a Python-
controlled batch workflow. Annual simulations were performed for each building config-
uration using Typical Meteorological Year (TMY) weather files in EPW format for İzmir,
Ankara, Hakkari, İstanbul, Antalya, and Erzurum, obtained from the OneBuilding climate
database [59], and selected as representative climates for the six climatic regions defined
by TS 825. The entire simulation process was automated in Python 3.10, enabling the
systematic execution of EnergyPlus runs for each IDF–weather file pair. Parallel processing
was used to improve computational efficiency and make the large simulation campaign
feasible. In total, 30,000 annual simulations were completed, with each sampled building
configuration evaluated across six distinct climatic regions.

The simulations focused on annual heating and cooling energy demand. After each
run, the required output variables were automatically extracted from EnergyPlus result
files and combined with the corresponding design and envelope parameters to form a
structured dataset. The extracted outputs were directly linked to their corresponding input
parameters in the dataset. The resulting dataset was then used for data preprocessing and
machine learning model development, as described in the following subsection.

3.4.3. Data Preprocessing and Sampling Strategy

Simulation outputs were combined with their corresponding design and envelope
parameters to create the dataset used for machine learning model development. Each
dataset entry represents a unique building configuration and includes the associated
annual heating and cooling energy demands.

Instead of exhaustively testing all parameter combinations, a stratified random sam-
pling approach was used to efficiently explore the design space while limiting computa-
tional effort. Using a Python-based implementation, 5000 unique building configurations
were generated from the discrete parameter sets defined in Sections 3.2 and 3.3. Strati-
fication was applied to the building plan typology and orientation to ensure a balanced
representation of key early design decisions, while window and envelope parameters were
sampled randomly to enable flexible, performance-oriented variation. Each configuration
was simulated across six climatic regions corresponding to the TS 825 climate zones, result-
ing in a total of 30,000 input–output samples. This sample size provides sufficient coverage
of the high-dimensional design space to support machine learning model development
without high computational cost.

Before developing the model, the dataset was preprocessed to support effective learn-
ing. The final input space included 22 features: 18 numerical variables and 4 categorical
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variables, all defined by discrete design levels that reflect typical architectural decisions
rather than continuous ranges. Categorical variables such as plan typology, orientation,
glazing type, and climatic region were converted to numerical representations, while
discrete numerical variables (e.g., window-to-wall ratio, shading depth, and envelope
U-values) were used directly. The target output variables were annual heating and cooling
energy demands.

3.5. Machine Learning Model Development and Evaluation

This section outlines the development, training, and validation of the machine learning
model that predicts annual heating and cooling energy loads from building design and
envelope parameters.

3.5.1. Input–Output Definition

The prediction task was formulated as a supervised multi-output regression problem,
in which a single machine learning model simultaneously predicts annual building energy
demand across multiple climatic regions. The input space consists exclusively of building
design and envelope parameters, which are assumed to be identical across all climatic
conditions. The output variables consist of annual heating and cooling energy demands
for six cities in Türkiye, resulting in 12 output variables in total. Heating and cooling
demands were treated as separate outputs because they are influenced by different design
parameters and respond differently to climatic conditions. Total annual energy demand
was calculated as the sum of predicted heating and cooling values for benchmarking and
interpretation purposes.

In this formulation, climatic region is implicitly represented through separate output
variables rather than as an explicit categorical input feature. This multi-output formulation
enables the model to learn shared relationships between design parameters and energy
performance while also accounting for climate-specific response patterns. Compared to
training separate models for each city or energy end-use, this approach improves learning
efficiency and reduces computational overhead without increasing model complexity.

3.5.2. Algorithm Selection

Three supervised regression algorithms were selected to evaluate their suitability for
predicting annual building energy demand across multiple climatic regions: Random Forest
(RF), Support Vector Regression (SVR), and a Multi-Layer Perceptron (MLP), a feed-forward
artificial neural network (ANN).

Random Forest is an ensemble-based, non-parametric learning method that combines
multiple decision trees to capture complex and nonlinear relationships between input
features and target variables [60]. It is well-suited to tabular building performance data
due to its robustness to noise, ability to model interactions among design parameters,
and limited sensitivity to feature scaling, which reduces preprocessing requirements. In
addition, RF provides intrinsic feature importance measures, supporting interpretability
and post hoc analysis of model behavior.

Support Vector Regression with a radial basis function (RBF) kernel was selected
as a complementary algorithm because of its strong generalization capability in high-
dimensional feature spaces [61]. SVR models nonlinear relationships through kernel-based
transformations and has been widely used in building energy prediction studies. Unlike RF,
SVR requires feature standardization to ensure numerical stability and optimal performance.

The Multi-Layer Perceptron is a feed-forward artificial neural network composed of
multiple hidden layers and trained using back-propagation [42]. MLP is capable of learning
highly nonlinear relationships and complex interaction effects among design parameters.
Feature standardization was applied to ensure stable and efficient training, and early
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stopping was used to mitigate overfitting. The layered structure enables automatic feature
representation learning, allowing the model to capture subtle patterns that may not be fully
represented by tree-based or kernel-based methods.

All three algorithms were implemented using the MultiOutputRegressor wrapper
from the Scikit-Learn library [62], which trains one regression model per output variable
within a unified framework. This approach enables simultaneous prediction of heating and
cooling energy demands across all six climatic regions, ensuring consistent training and
evaluation while avoiding the need to develop separate model for each city or load type.

3.5.3. Model Training, Validation and Data Partitioning

The final dataset comprising 5000 unique building configurations was divided into
training and testing subsets to support robust model development and unbiased perfor-
mance evaluation. An 80/20 split was adopted, with 4000 samples used for model training
and hyperparameter optimization and 1000 samples reserved exclusively for final testing.
Stratified random sampling was applied during data partitioning to preserve representative
distributions of key categorical variables in both subsets. A fixed random seed (42) was
used to ensure full reproducibility.

All model development procedures, including feature preprocessing and hyperpa-
rameter tuning, were conducted using only the training dataset. The testing dataset was
withheld until final evaluation to prevent data leakage and to ensure an unbiased assess-
ment of model generalization to unseen building configurations.

Feature preprocessing requirements differed between the evaluated algorithms. The
RF model was trained directly on the original feature set, as its tree-based structure is insen-
sitive to feature scaling. For the SVR and MLP models, input features were standardized
using z-score scaling (zero mean and unit variance) based on statistics computed from the
training datasets.

Hyperparameter optimization was performed using RandomizedSearchCV with five-
fold cross-validation on the training dataset, enabling systematic exploration of model
configurations while controlling computational cost [62,63]. The number of search iterations
was set to 30 for Random Forest, 15 for SVR, and 20 for MLP. Optimization focused on
ensemble size and tree structure for RF, kernel and regularization parameters for SVR, and
network architecture, learning rate, and L2 regularization for MLP. Early stopping with
a fixed validation fraction was applied to the MLP to reduce overfitting. The evaluated
hyperparameter ranges are summarized in Appendix A Tables A2–A4.

To assess overfitting and generalization behavior, model performance was monitored
on both training and validation folds during cross-validation. The difference between
training and validation coefficient of determination values was used as an indicator of gen-
eralization quality, with smaller gaps indicating more robust performance on unseen data.
This evaluation complemented the adopted overfitting mitigation strategies, including
constrained hyperparameter ranges, cross-validation-based model selection, regularization,
and ensemble averaging for the RF model.

3.5.4. Model Performance Evaluation

Model performance was evaluated using three complementary statistical metrics: the
coefficient of determination (R2), root mean square error (RMSE), and mean absolute error
(MAE). Together, these metrics provide a comprehensive assessment of predictive accuracy,
error magnitude, and robustness.

The coefficient of determination (R2) measures the proportion of variance in simulated
energy demand explained by the model and is defined as:
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R2 = 1 − SSres

SStot
(1)

SSres = ∑(yact − ypred)
2 (2)

SStot = ∑(yact − y)2 (3)

where yact denotes the EnergyPlus simulated energy demand, ypred is the model-prediction,
y is the mean of observed values, and n is the number of samples. R2 values range from
negative infinity to 1, with higher values indicating stronger explanatory performance.

Root mean square error (RMSE) measures the square root of the mean squared predic-
tion error and is expressed as:

RMSE =

√
1
n∑(yact − ypred)2 (4)

RMSE places greater emphasis on larger errors due to the squaring of residuals,
making it particularly sensitive to substantial deviations between predicted and simulated
values. Lower RMSE values indicate improved predictive accuracy.

Mean absolute error (MAE) represents the average absolute difference between pre-
dicted and observed values, and is calculated as:

MAE =
1
n∑ |yact − ypred| (5)

Unlike RMSE, MAE treats all errors equally and is less sensitive to outliers, providing
an intuitive measure of typical prediction error. All performance metrics were computed
separately for each climatic region and for each type of energy use. Accordingly, model
performance was evaluated for annual heating and cooling energy demand across six cities,
resulting in a total of twelve output-specific evaluations. This climate and energy type eval-
uation enables detailed comparison of model behavior across distinct thermal conditions
and supports assessment of model generalization under different climatic contexts.

4. Results
This section presents the performance evaluation of the developed machine learning

models. Overall predictive performance across the six climatic regions is first assessed
using standard statistical metrics. This is followed by a comparative analysis of the three
algorithms, highlighting trade-offs between prediction accuracy, generalization behavior,
and interpretability.

4.1. Machine Learning Model Performance Comparison

Table 10 summarizes the average training and testing performance of the Random
Forest, SVR, and MLP models across all 12 output variables, corresponding to annual
heating and cooling energy demands for the six climatic regions. All models were trained
and evaluated using absolute annual energy demand values (kWh). Model performance
was evaluated using the R2, RMSE, and MAE, calculated on an independent test dataset
consisting of 1000 samples. The reported values represent aggregated performance across
all climate-specific and energy load-specific outputs, enabling direct comparison of overall
predictive accuracy and generalization capability among the evaluated algorithms.

As shown in Table 10, the MLP model achieved the highest predictive accuracy across
the 12 output dimensions, demonstrating a strong ability to capture complex nonlinear
relationships governing building energy performance. On the test dataset, MLP attained
an average R2 value of 0.9560, outperforming RF (R2 = 0.9345) and SVR (R2 = 0.9484). The
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relatively small differences between training and testing R2 values for all three models
indicate limited overfitting and strong generalization to unseen building configurations.

Table 10. Average training and testing performance of RF, SVR, and MLP models across 12 output
variables (6 cities × heating and cooling energy demands).

Metric
RF SVR MLP

Train Test Train Test Train Test

R2 0.9488 0.9345 0.9587 0.9484 0.9670 0.9560
RMSE (kWh) 1058 1209 1205 1300 1004 1175
MAE (kWh) 737 832 689 797 723 838

SVR ranked second, achieving an average test R2 of 0.9484, indicating that kernel-
based learning effectively represents non-linear thermal behavior, albeit with slightly lower
flexibility compared to the neural network approach. While MLP achieved the highest
overall R2, SVR exhibited slightly lower MAE on the test dataset, highlighting a trade-off
between variance explanation and average error magnitude. RF achieved an average test
R2 of 0.9345, explaining over 93% of the variance in annual heating and cooling energy
demand, and exhibited stable and consistent performance across all climatic regions.

Although MLP delivered the highest predictive accuracy, RF was selected as the pri-
mary reference model for subsequent analyses due to its superior interpretability, minimal
preprocessing requirements, faster inference time, and robust generalization behavior.
These results highlight the inherent trade-off between predictive accuracy and model
transparency, an important consideration for early design stage decision-making, where
explainability and reliability are often as critical as absolute accuracy. While the metrics
in Table 10 are aggregated across all climates and load types, climate-specific results are
presented in the following section to verify consistent model performance under distinct
thermal conditions.

4.2. Climate-Specific Performance

Table 11 presents the climate-specific test performance of the RF, SVR, and MLP models
for predicting total annual building energy demand across the six climatic regions. All
three algorithms achieved consistently strong predictive performance, with test R2 values
exceeding 0.93 in every climate zone. This high level of accuracy confirms the effectiveness
of the proposed multi-output learning framework under diverse climatic conditions and
indicates that the models successfully learned generalizable relationships between building
design parameters and energy demand.

MLP exhibited the highest and most stable performance across climates, with R2 values
ranging from 0.9502 (Hakkari) to 0.9606 (Istanbul), a narrow spread of approximately one
percentage point. High accuracy was observed in both cooling-dominated coastal cities,
such as Antalya (R2 = 0.9562) and İzmir (R2 = 0.9545), and in heating-dominated regions,
including Erzurum (R2 = 0.9594). This consistency indicates robust performance across
contrasting thermal regimes.

The SVR model performed particularly well in Istanbul (R2 = 0.9586) and Erzurum
(R2 = 0.9491), and it produced the lowest MAE among all algorithms in Erzurum (1013 kWh).
This result indicates strong error control in cold, heating-dominated climates and suggests
that kernel-based learning effectively captures nonlinear thermal response patterns across
diverse climatic contexts.

The RF model showed slightly lower but highly consistent performance, with R2 values
ranging from 0.9313 (Ankara) to 0.9377 (Erzurum). While RF exhibited higher RMSE
values in warmer regions such as Antalya and İzmir, its stable behavior across all climates
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confirms its robustness and reliability, supporting its suitability for applications where
interpretability and predictable performance are prioritized.

Table 11. Comparative performance of RF, SVR, and MLP models on the test dataset for total annual
building energy demand prediction.

Climatic
Regions

Selected
City

RF SVR MLP

R2 RMSE
(kWh)

MAE
(kWh) R2 RMSE

(kWh)
MAE

(kWh) R2 RMSE
(kWh)

MAE
(kWh)

CR-1 Antalya 0.9334 2451 1665 0.9463 3222 1946 0.9562 2759 2020
CR-2 Izmir 0.9318 2428 1636 0.9475 2982 1806 0.9545 2653 1916
CR-3 Istanbul 0.9350 2038 1356 0.9586 2405 1502 0.9606 2285 1673
CR-4 Ankara 0.9313 1684 1110 0.9478 1954 1220 0.9547 1721 1214
CR-5 Hakkari 0.9346 1723 1146 0.9412 1632 1097 0.9502 1503 1089
CR-6 Erzurum 0.9377 1649 1098 0.9491 1491 1013 0.9594 1332 955

Average 0.9340 1893 1222 0.9484 2281 1431 0.9559 2042 1478

Overall, none of the climatic regions showed a noticeable degradation in model perfor-
mance, including very cold regions. These results indicate that the selected input features,
stratified sampling strategy, and multi-output formulation are appropriate for represent-
ing both cooling-dominated and heating-dominated energy behavior across Türkiye’s
climatic conditions.

4.3. Prediction Error Analysis

The absolute prediction errors, measured using MAE, indicate consistently high
predictive accuracy across all three algorithms. For RF, MAE values range from 1098 kWh
(Erzurum) to 1665 kWh (Antalya), with an average MAE of 1222 kWh. SVR exhibits MAE
values between 1013 kWh (Erzurum) and 1946 kWh (Antalya), yielding an average MAE of
1431 kWh. MLP demonstrates MAE values ranging from 955 kWh (Erzurum) to 2020 kWh
(Antalya), with an average MAE of 1478 kWh.

When compared with the typical annual energy consumption of the investigated
school buildings (approximately 20,000–40,000 kWh), these error magnitudes correspond to
relative deviations of approximately 3–8% across all models and climate zones. This level
of accuracy is appropriate for early design stage applications, where the primary objectives
are rapid energy prediction, comparative evaluation of alternative design options, and
preliminary assessment under limited information.

However, the proposed models are not intended for certification-level applications,
such as final energy performance certification, contractual energy performance guarantees,
detailed HVAC system sizing, or precise utility cost forecasting. Such applications typi-
cally require higher prediction accuracy and detailed operational inputs, including actual
occupancy schedules, system control strategies, and measured performance data.

4.4. Generalization Performance

All three algorithms exhibited strong generalization with minimal overfitting, indi-
cating that the adopted overfitting mitigation strategies were effective. The overfitting
gap (difference between training and test R2) was 0.0102 for SVR, 0.0111 for MLP, and
0.0143 for RF, with all values well below the 0.05 threshold commonly associated with
strong generalization.

These small performance gaps indicate that the models learned generalizable relation-
ships rather than memorizing training data. The use of cross-validation, regularization,
and ensemble learning successfully controlled model complexity, while the dataset of
4000 training configurations provided sufficient diversity for robust training.
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4.5. Evaluation of Model Predictions

Figure 2 presents scatter plots comparing simulated and predicted annual heating and
cooling energy demand for six representative cities using the Random Forest model. Blue
points represent training samples (4000 configurations), while red points correspond to
test samples (1000 configurations). The black diagonal line indicates perfect agreement
between predicted and simulated values.

 

Figure 2. Actual versus predicted annual heating and cooling energy demand for six cities in Türkiye
using the Random Forest model. Blue points denote training samples (4000 configurations), red points
indicate test samples (1000 configurations), and the black diagonal line represents perfect agreement.
Reported R2 values correspond to test-set performance for each city and load type.

As shown in Figure 2, the RF model demonstrates strong and consistent predictive
performance across all climatic regions. For all cities and both load types, data points
cluster closely around the diagonal line, with test-set R2 values exceeding 0.93, indicating
high agreement between predicted and simulated results. Training and test samples follow
similar distributions, supporting the strong generalization behavior discussed in Section 4.4.

In very hot and hot climatic regions represented by Antalya (CR-1) and İzmir (CR-2),
the model accurately captures cooling-dominated energy demand across the full range of
consumption values, indicating strong performance under high solar and cooling loads. In
the mild climatic region represented by İstanbul (CR-3), predictions remain equally stable,
reflecting the model’s ability to represent balanced heating and cooling behavior typical of
temperate coastal climates.

For Ankara (CR-4), classified as a cold climate under TS 825, the model maintains
consistent accuracy (R2 = 0.9313), successfully capturing mixed heating–cooling charac-
teristics associated with continental conditions. In very cold and extremely cold climatic
regions represented by Hakkari (CR-5) and Erzurum (CR-6), strong clustering around the
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diagonal is observed (R2 = 0.9346 and 0.9377, respectively), indicating reliable prediction of
heating-dominated energy demand.

Across all climatic regions, no systematic underestimation or overestimation is ob-
served, and prediction errors remain symmetrically distributed across the full range of
energy demand values. These results confirm robust and climate-consistent model behavior
across Türkiye’s diverse climatic regions.

Figure 3 illustrates the predictive performance of the SVR model across all six climatic
regions. Compared to the RF results, SVR predictions show similarly strong alignment
with the ideal agreement line, with test R2 values exceeding 0.90 for both heating and
cooling energy demand in all climates. The model performs particularly well in heating-
dominated regions such as Erzurum and Hakkari, where predictions cluster tightly around
the diagonal, indicating accurate representation of heating demand. In cooling-dominated
climates, including Antalya and İzmir, SVR maintains high accuracy, although slightly
increased scatter is observed, reflecting the higher variability of cooling loads. Overall, the
absence of systematic over- or under-prediction across climates confirms that SVR provides
stable and climate-consistent performance, reinforcing its suitability as a complementary
model for early-stage building energy prediction.

Figure 3. Actual versus predicted annual heating and cooling energy consumption for six cities in
Türkiye using the Support Vector Regression model.

Figure 4 illustrates the predictive performance of the MLP model across all six climatic
regions. The MLP demonstrates consistently strong agreement between predicted and
simulated annual energy consumption values, with data points tightly clustered around the
ideal agreement line for both heating and cooling loads. Compared to RF and SVR, the MLP
exhibits slightly higher predictive accuracy across most climates, reflected in its higher test-
set R2 values and reduced scatter, particularly at higher energy demand levels. The model
performs robustly in cooling-dominated regions such as Antalya, İzmir, and İstanbul, while
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also maintaining excellent accuracy in heating-dominated climates, including Erzurum and
Hakkari. This indicates that the MLP effectively captures complex nonlinear relationships
between design parameters and energy demand under diverse thermal conditions. No
systematic bias or climate-dependent performance degradation is observed, as prediction
errors remain symmetrically distributed across the full range of energy consumption values.
These results confirm the strong representational capacity of the MLP model and explain
its superior aggregated performance reported in Tables 10 and 11, while also highlighting
its suitability for high-accuracy energy demand prediction within the proposed early-stage
design framework.

 

Figure 4. Actual versus predicted annual heating and cooling energy consumption for six cities in
Türkiye using the Multi-Layer Perceptron model.

Figure 5 provides a consolidated visual comparison of the three machine learning
models across multiple performance metrics and climatic regions. The figure enables a
direct and intuitive assessment of model accuracy, error magnitude, and robustness for
both heating and cooling energy demand prediction.

Figure 5a,b present heatmaps of test-set R2 values for annual heating and cooling
demand, respectively. These heatmaps show consistently high predictive accuracy across all
six cities for all three models, with MLP generally achieving the highest R2 values, followed
by SVR and RF. The limited variation across climates indicates stable model behavior
under diverse thermal conditions. Figure 5c,d show boxplots of test-set RMSE distributions
for heating and cooling demand. These plots highlight differences in error dispersion
among the models. SVR exhibits relatively compact error distributions, indicating strong
error control and robustness, while MLP shows slightly wider spreads but lower median
errors in most cases. Random Forest displays stable but moderately higher error ranges,
consistent with its slightly lower overall accuracy. Figure 5e summarizes the average MAE
values across all heating and cooling outputs. MLP achieves the highest overall predictive
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accuracy, SVR yields the lowest average absolute errors, and Random Forest maintains
competitive performance with balanced error levels.

Figure 5. Comparative performance of Random Forest, Support Vector Regression, and Multi-Layer
Perceptron models for predicting annual heating and cooling energy demand across six climatic
regions. Model performance is evaluated using test-set R2 heatmaps: (a) for heating, and (b) for
cooling RMSE distributions: (c) for heating, (d) for cooling, and (e) average MAE values for both
load types. Color gradients in the heatmaps represent the magnitude of R2 values, with darker tones
indicating higher predictive performance. Distinct colors in the RMSE and MAE plots differentiate
machine learning models and load types. (Figures were generated using Microsoft Power BI Service
(web-based version) and PBI VizEdit).

Overall, Figure 5 once again confirms that all three models deliver reliable and climate-
consistent predictions suitable for early design stage applications. While MLP provides
the highest accuracy, SVR demonstrates strong robustness in terms of error magnitude,
and Random Forest offers a favorable balance between predictive performance, stability,
and interpretability.

4.6. Feature Importance Analysis

Random Forest feature importance analysis was conducted using the mean decrease
in impurity metric and averaged across all six climatic regions (Table 12).

Table 12. The first 10 Most Important Features for Energy Prediction.

Rank Feature Importance Interpretation

1 WWR 0.4195 WWR is the dominant driver of energy demand
2 Roof Insulation Thickness 0.0966 Roof insulation thickness strongly affects heat transfer
3 Glazing U Value 0.0916 Window thermal transmittance is a key factor
4 Shading Depth 0.0830 External shading significantly influences solar gains
5 Glazing SHGC 0.0810 Solar heat gain coefficient affects cooling loads
6 Glazing VT 0.0762 Daylight-related glazing properties are relevant
7 L Shape Plan Type 0.0303 Building plan geometry has a secondary effect
8 Wall Insulation Thickness 0.0263 Wall insulation contributes to thermal performance
9 Building Orientation 0.0255 Orientation influences solar exposure

10 Floor Insulation Thickness 0.0172 Ground floor insulation has a smaller impact
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Table 12 shows that the WWR is the dominant parameter, accounting for approximately
42% of total feature importance. This result highlights the critical role of façade transparency
at the early design stage, as WWR simultaneously governs solar heat gains affecting cooling
demand and conductive heat losses influencing heating demand. The consistently high
importance of WWR across all climatic regions confirms its robust influence on both heating
and cooling demand.

The second most influential group of parameters consists primarily of envelope and
glazing-related variables, with individual importance values ranging from approximately
8% to 10%. Roof insulation thickness ranks second overall (9.7%), reflecting its strong
effect on both heating and cooling loads due to high solar exposure and temperature
gradients at roof level. Glazing U-value (9.2%), shading depth (8.3%), glazing solar heat
gain coefficient (SHGC, 8.1%), and visible transmittance (VT, 7.6%) also exhibit substantial
influence. When considered together, glazing-related parameters (U-value, SHGC, and VT)
account for approximately 26% of total importance, indicating that window performance
characteristics are nearly as influential as window area itself.

In contrast, geometric and orientation-related parameters exhibit lower but still mea-
surable influence. Building plan layout contributes modestly, with the L-shaped configura-
tion showing the highest importance within this group (≈3.0%), primarily through changes
in surface-to-volume ratio. Building orientation accounts for approximately 2.6% of total
importance, suggesting a limited effect within the examined design space. This reduced
influence can be attributed to the balanced sampling of orientations and the mitigating
effects of shading devices and façade related design variables.

Among insulation-related parameters, a clear hierarchy is observed. Roof insulation
is substantially more influential than wall insulation (2.6%) and ground floor insulation
(1.7%). This ranking aligns with building physics principles, as roof assemblies experi-
ence greater thermal and solar exposure, while ground-contact elements benefit from soil
thermal buffering.

Overall, the feature importance results provide clear guidance for early-stage, climate-
responsive design. WWR emerges as the primary decision variable, followed by glazing
system properties, roof insulation thickness, and shading depth. Parameters such as
orientation, plan layout, and detailed material properties play secondary roles and can
be refined after primary façade and envelope decisions are established. These findings
confirm that early design efforts should prioritize façade transparency, glazing selection,
and roof insulation to achieve meaningful reductions in building energy demand.

It should be noted that the relative importance of orientation and plan layout is
conditional on the adopted modeling assumptions. In this study, building forms were
represented using simplified archetypal plan typologies with evenly distributed façades
and without geometry optimization for passive solar gains or passive cooling strategies. As
a result, orientation-related effects are intentionally moderated within the defined design
space. Consequently, the reported parameter sensitivities should be interpreted as valid
within the domain of the selected archetypes and early-stage assumptions, rather than as
universally transferable rankings across all possible school building geometries.

5. Discussion
This section discusses the implications of the proposed machine learning-based frame-

work for early-stage building energy assessment, focusing on model selection, sampling
strategy effectiveness, climate-specific behavior, and feature importance insights, followed
by practical considerations, limitations, and future research directions.
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5.1. Model Selection and Justification

Although all three algorithms demonstrated strong predictive capability (test R2 > 0.93),
the RF model was selected as the primary model for deployment based on factors extend-
ing beyond predictive accuracy. Among the evaluated models, MLP achieved the highest
test performance (R2 = 0.9560, MAE = 838 kWh, RMSE = 1175 kWh), followed by SVR
(R2 = 0.9484, MAE = 797 kWh, RMSE = 1300 kWh) and RF (R2 = 0.9345, MAE = 832 kWh,
RMSE = 1209 kWh). The performance difference between MLP and RF (2.15 percentage
points in R2) represents a modest gain within the accuracy requirements of early design
stage assessment.

RF offers clear advantages in interpretability, which is critical for design support. Its
built-in feature-importance measures (mean decrease in impurity) provide direct insight
into the influence of design parameters on energy demand, and the tree-based structure
supports qualitative inspection of decision behavior. In contrast, MLP operates as a black-
box model, and the kernel-based formulation of SVR limits transparency.

From an implementation perspective, RF simplifies deployment because it is insensi-
tive to feature scaling, eliminating the need for normalization or additional preprocessing
pipelines. This reduces system complexity and improves robustness in user-facing ap-
plications. RF also achieved the fastest inference time (below 10 ms), compared with
approximately 15 ms for MLP and 13 ms for SVR, which is advantageous for interactive
workflows and large parametric evaluations.

All three models exhibited strong generalization, with small differences between train-
ing and test R2 values (SVR: 0.0102, MLP: 0.0111, RF: 0.0143), indicating limited overfitting.
Overall, RF was selected as the primary deployed model due to its balanced combination of
interpretability, computational efficiency, operational simplicity, and competitive accuracy.
Nevertheless, all three models are retained within the interface, allowing users to prioritize
maximum accuracy (MLP), lower average error (SVR), or interpretability and design insight
(RF), depending on application needs.

5.2. Sampling Strategy Effectiveness

The adopted stratified random sampling strategy substantially reduced computa-
tional demand while preserving model reliability. The full design space of approximately
6.2 million possible configurations was reduced to 5000 representative samples, correspond-
ing to a 99.92% reduction, while retaining sufficient diversity for machine learning model
development and evaluation.

Sampling coverage checks confirm that the reduced dataset provides a balanced rep-
resentation of the predefined parameter space. Each building plan typology was equally
represented by 1250 samples, ensuring geometric balance, and all eight orientation angles
were included within each typology to capture directional effects on solar exposure. Key
design variables, including WWR, envelope insulation, and glazing systems, were sampled
across their full predefined ranges, with no systematic bias toward specific parameter values.

The adequacy of the sampling strategy is further supported by the consistently high
predictive performance observed across all models and climatic regions (Section 4). The
small gaps between training and test results indicate that the dataset is sufficiently large
to support generalizable learning without overfitting. Moreover, the absence of climate-
specific performance degradation suggests that the sampling approach provides a balanced
representation of diverse thermal conditions.

Despite these strengths, certain limitations should be acknowledged. Due to the
probabilistic nature of stratified random sampling, extreme design combinations, such as
very high WWRs paired with minimal insulation, may be underrepresented compared
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to moderate configurations. In addition, model behavior between the selected discrete
parameter levels was not specifically evaluated.

Future studies could further improve the sampling approach. Active learning methods
may be used to focus on design cases that provide the most useful information for model
improvement. Adaptive sampling could also assign more samples to climates with higher
prediction uncertainty, such as cold and very cold regions. Alternatively, Latin hypercube
sampling may be applied to achieve more uniform coverage of the design space while
keeping computational demands manageable.

5.3. Climate-Specific Performance Analysis

Strong predictive performance was achieved across all six climatic regions, with
test R2 values exceeding 0.93 for all three algorithms. This consistency confirms that
the proposed multi-output framework effectively captures variations in building energy
demand under diverse climatic conditions and generalizes well across regions.

Among the evaluated models, MLP showed the most uniform accuracy across climates,
with R2 values ranging from 0.9502 in Hakkari to 0.9606 in Istanbul. SVR also performed
reliably, achieving its highest accuracy in Istanbul (R2 = 0.9586) and maintaining R2 values
above 0.94 in all cities. Random Forest exhibited slightly lower but stable performance,
with R2 values ranging from 0.9313 (Ankara) to 0.9377 (Erzurum), indicating consistent
behavior across different climate types.

Small differences in performance among cities reflect variations in climatic characteris-
tics rather than model weakness. Cooling-dominated regions showed marginally higher
accuracy for MLP, while heating-dominated regions achieved comparable results across all
models. This balance indicates that the models successfully learned both cooling-driven
and heating-driven energy demand patterns.

Overall, the consistently high accuracy across all climates demonstrates that a single
unified model can reliably predict building energy demand in different climatic regions,
eliminating the need for separate climate-specific models and supporting efficient early
design stage assessment.

5.4. Feature Importance Insights

WWR is the most influential design parameter, accounting for approximately 42%
of total feature importance. It affects energy performance through increased solar gains,
higher cooling demand, and greater conductive heat losses, as glazing has substantially
higher thermal transmittance than insulated opaque walls. As a result, its influence exceeds
that of individual material-related parameters.

The importance ranking, starting with WWR, followed by glazing, insulation, and
building geometry, is consistent with basic building physics and common design experience,
which supports the reliability of the model. However, the strong influence of WWR
indicates that window size is often not given enough attention in early design stages and
offers a clear opportunity to improve energy performance through better façade design.

Several secondary findings help clarify the results. Building orientation shows a
relatively low influence (about 2.6%), even though it is often emphasized in architectural
design guidelines. This finding is consistent with simulation-based studies on school
buildings in Türkiye, which report that while orientation affects energy use, its relative
impact is smaller in Mediterranean climates than in colder and continental regions [17].
Similarly, ground floor insulation has the smallest impact (around 1.7%) compared to roof
and wall insulation. Among insulation-related variables, insulation thickness is consistently
more influential than material thermal conductivity, indicating that increasing thickness
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is generally more effective at the early design stage than choosing materials with slightly
better conductivity values.

These results are linked to the characteristics of the studied design space. Because
multiple climatic regions are included, the effect of orientation is reduced, as optimal
orientations differ by climate. Ground-contact floors benefit from the thermal buffering
effect of the soil, which limits temperature variation and reduces the role of floor insulation.
In addition, improvements in material conductivity show diminishing returns, explaining
why insulation thickness has a stronger impact. Overall, the analysis highlights façade
transparency and roof insulation as the most important priorities for early-stage energy-
efficient design.

5.5. Practical Application and Limitations

The surrogate model is well suited for early design stage decisions, where rapid evalua-
tion of many alternatives is required. Its fast prediction capability enables interactive design
exploration, early optimization, and efficient comparison of design options before detailed
simulation. The model is particularly useful for parametric studies, sensitivity analysis,
and teaching and learning environments in architecture, where relative performance trends
are more important than exact energy values.

However, the model has several limitations. Its applicability is restricted to the
parameter ranges used during training, and predictions outside these ranges may be
unreliable. The model employs an ideal loads approach rather than detailed HVAC system
modeling and predicts only annual heating and cooling energy demand, excluding lighting,
plug loads, ventilation energy, and hourly load profiles. Occupancy behavior, control
strategies, and construction quality are simplified, and fixed setpoints and standardized
internal gains may differ from real operation. Climate applicability is limited to Turkish
climate zones represented by typical meteorological year data, without accounting for
extreme events or local microclimates.

Beyond the defined design space, additional validation is recommended. Predictions
should be compared with EnergyPlus simulations for representative cases and, where
possible, with measured annual energy data. Sensitivity checks near parameter boundaries
and comparisons with alternative simulation tools can further support confidence in
model reliability.

5.6. Practical Deployment and User Interface

To demonstrate the practical usability and real-world deployment potential of the
presented surrogate modeling approach, the three trained machine learning models were
implemented through a simple graphical user interface developed in Python 3.10. The
interface allows users to access model predictions through three main components: in-
put selection, prediction workflow, and output visualization. The input panel includes
dropdown menus for all design parameters used during model training (see Section 3.5.3).
All options are populated from a configuration file to ensure consistency with the trained
parameter ranges.

The prediction workflow follows five steps. First, the user loads a trained model
(Random Forest, SVR, or MLP). Second, design parameters are selected via dropdown
menus, with real-time U-value updates displayed. Third, the interface constructs a 22-
dimensional feature vector using appropriate one-hot encoding for categorical variables.
Fourth, model inference is executed with a response time below 10 ms. Finally, predicted
annual heating and cooling energy consumption is displayed for all six cities in terms of
absolute annual energy demand (kWh).
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The output panel presents results in a two-column layout, separating cooling and
heating demands for each city. For visualization and comparison purposes, the predicted
annual energy demands are normalized by the conditioned floor area to obtain energy
intensity values (kWh/m2/year). Results are color-coded based on total annual energy
demand to provide immediate visual feedback on overall performance. The interface
includes input validation and consistency checks to ensure reliable predictions.

Figure 6 shows the interface in use, highlighting a clear and intuitive layout that
allows users to obtain instant energy predictions without machine learning expertise. The
interface workflow, from parameter selection to result display, emphasizes usability and
accessibility. This deployment serves as a proof-of-concept demonstration, ensuring that
the proposed modeling framework is directly transferable to practical early-stage building
design applications.

 

Figure 6. Graphical user interface for building energy prediction, showing (left) design parameter
selection, (center) model selection and prediction execution, and (right) predicted annual heating
and cooling energy demand for six Turkish cities in normalized (kWh/m2/year) form.

5.7. Comparison with Literature

This study contributes to simulation-trained building energy prediction research
through methodological integration, multi-climate modeling, and practical deployment.
Unlike many studies focusing on a single climate or a single output, the proposed frame-
work predicts heating and cooling energy demand across six climatic regions using a
unified multi-output structure, representing both shared relationships and climate-specific
response patterns.

A key contribution is the stratified random sampling strategy, which reduced the
design space from 6.2 million to 5000 configurations (99.92% reduction) while maintaining
representative coverage. This provides a practical response to high-dimensional parametric
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modeling challenges frequently highlighted in the literature [8,28]. In addition, systematic
validation and explicit overfitting assessment strengthen model reliability, addressing a
common limitation in prior machine learning studies where generalization performance is
insufficiently evaluated. The deployment of the trained models through a graphical user
interface further differentiates this work from much of the literature, which often stops at
model development without addressing practical usability.

The achieved predictive performance exceeds or matches the upper range reported
in related studies. All three algorithms demonstrate high accuracy (MLP R2 = 0.9560,
SVR R2 = 0.9484, RF R2 = 0.9345), compared to typical R2 values of 0.75–0.95 for single-
climate studies and 0.70–0.85 for multi-climate applications [8,14,26,34]. The consistently
strong performance across all climates, including cold and heating-dominated regions,
indicates that multi-climate prediction can be achieved without loss of accuracy when
supported by comprehensive sampling and robust model design.

Feature importance analysis further supports the physical credibility of the frame-
work. The dominance of the WWR (42%) and the substantial contribution of glazing
properties (26%) highlight the primary role of facade-related parameters in determining
building energy performance. These findings align with established building physics
principles and are consistent with trends reported in prior sensitivity analyses [26,28,64,65].
This consistency indicates that the model captures meaningful energy drivers rather than
dataset-specific correlations, reinforcing its suitability for early-stage, energy-informed
design decision-making.

5.8. Future Research Directions

Several extensions can enhance the proposed framework and broaden its applicability.
First, advances in machine learning methods offer opportunities to improve predictive
performance and uncertainty awareness. Deep neural networks may capture complex
non-linear interactions among design parameters more effectively, while gradient boost-
ing models such as XGBoost and LightGBM provide alternative ensemble strategies with
different bias–variance trade-offs. Bayesian learning approaches could explicitly quantify
prediction uncertainty, enabling confidence intervals that support risk-aware design de-
cisions. Multi-fidelity modeling, combining simplified analytical models, reduced-order
simulations, and high-fidelity physics-based tools, could further optimize the balance
between computational efficiency and accuracy across different design stages.

Second, extending the scope of model outputs would increase practical value. Higher
temporal resolution outputs (e.g., monthly or hourly) would support load profiling, equip-
ment sizing, and energy pricing analysis beyond annual energy totals. Disaggregation of
end uses, including heating, cooling, lighting, and equipment loads, would enable more
targeted efficiency strategies and detailed energy assessments. Expanding model training
and validation to additional climate regions beyond Türkiye would improve transferability
and reveal climate-specific patterns requiring localized adaptation. Incorporating more
complex building geometries, such as irregular plans or curved façades, would further
extend the applicability of the framework beyond simplified templates.

Finally, practical enhancements could strengthen integration with design workflows.
Direct coupling with Building Information Modeling platforms (e.g., Revit or Rhino) would
enable real-time energy feedback within commonly used design tools. Multi-objective
optimization frameworks jointly considering energy performance, cost, thermal comfort,
and daylighting would support more holistic decision-making. In this context, integrating
daylight availability and glare constraints with energy objectives, particularly in relation to
glazing visible transmittance, represents an important direction for future studies, as high-
lighted by Alsukkar et al. (2026) [66]. Automated reporting could support communication
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during design decision-making, while web or mobile-based deployment would improve
accessibility in early design process.

6. Conclusions
This study presents a machine learning-based building energy prediction framework

that addresses computational limitations of conventional simulation-driven early-stage
design evaluation. By integrating strategic sampling, multi-output model development,
and practical deployment, the framework supports accurate and computationally efficient
energy assessment for informed design decision-making.

A key methodological contribution is the use of stratified random sampling to reduce
the simulation space from 6.2 million to 5000 representative building configurations, cor-
responding to a 99.92% reduction in computational effort. This reduction converted an
impractical simulation task into a feasible workflow while preserving balanced coverage
across selected building typologies, envelope options, and six climatic regions of Türkiye.
The resulting dataset of 30,000 EnergyPlus simulations, with separate heating and cooling
outputs, provided a robust basis for learning climate-specific energy response patterns for
the defined design space.

Three machine learning models (Random Forest, Support Vector Regression, and
Multi-Layer Perceptron) were trained using a multi-output regression framework to predict
annual heating and cooling energy demand across the considered climatic regions. All
models achieved strong predictive performance (test R2 > 0.93), indicating consistent
generalization under the modeled conditions. The Multi-Layer Perceptron delivered the
highest accuracy (R2 = 0.9560), Support Vector Regression achieved the lowest prediction
error (MAE = 797 kWh), while Random Forest provided competitive accuracy (R2 = 0.9345)
with higher interpretability and minimal preprocessing requirements. Based on these
practical considerations, Random Forest was selected as the primary deployed model,
while the remaining models are retained for comparative analysis. Prediction times below
10 ms represent substantial speed advantage relative to EnergyPlus, supporting interactive
early-stage design evaluation.

The unified multi-output formulation captured shared physical relationships and
climate-specific characteristics without requiring separate models for individual locations.
Consistently high performance across all climate regions supports the robustness of this ap-
proach for comparative national-scale evaluation under the adopted modeling assumptions.

Feature importance analysis provided clear insight into early-stage design priorities.
Window-to-wall ratio emerged as the dominant parameter (42% importance), followed by
glazing properties and roof insulation thickness, highlighting the central role of facade-
related decisions in energy performance. These findings align with building physics while
offering quantitative guidance for prioritizing key early design variables.

To support practical use, the framework was implemented through an intuitive graph-
ical user interface that allows designers to obtain instant heating and cooling predictions
without simulation or machine learning expertise. Climate-specific outputs, physically
consistent U-value calculations, and clear result visualization support informed decision-
making during conceptual design.

Overall, the results show that machine learning surrogate models, when combined
with structured sampling and physics-informed inputs, can achieve high predictive ac-
curacy while significantly reducing computational cost. Within the defined early-stage
assumptions and archetype-based design space, the proposed framework enables rapid
design evaluation and comparative energy performance assessment that would be difficult
to achieve using traditional simulation workflows alone.
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R2 Coefficient of Determination
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WWR Window to wall ratio
VT Visible Transmittance

Appendix A

Table A1. Climatic regions and representative cities in Türkiye according to TS 825:2024 [24].

Climatic Regions * Climatic Definition Cities

CR-1 Very hot Adana, Antalya, Mersin

CR-2 Hot Adıyaman, Gaziantep, Kilis, Siirt, Aydın, Hatay, Manisa, Şanlıurfa,
Batman, İzmir, Mardin, Denizli, Kahramanmaraş, Osmaniye

CR-3 Mild Balıkesir, İstanbul, Rize, Tekirdağ, Bursa, Kocaeli, Sakarya, Trabzon,
Çanakkale, Muğla, Samsun, Yalova, Giresun, Ordu, Sinop, Zonguldak

CR-4 Cold

Afyon, Artvin, Bolu, Düzce, Diyarbakır, Eskişehir, Karaman, Kırşehir,
Nevşehir, Tunceli, Amasya, Bartın, Burdur, Edirne, Iğdır, Kayseri, Konya,
Niğde, Uşak, Aksaray, Bilecik, Çankırı, Elâzığ, Isparta, Kırıkkale,
Kütahya, Şırnak, Ankara, Bingöl, Çorum, Erzincan, Karabük, Kırklareli,
Malatya, Tokat

CR-5 Very cold Bayburt, Kastamonu, Yozgat, Bitlis, Muş, Gümüşhane, Sivas,
Hakkâri, Van

CR-6 Extremely cold Ağrı, Ardahan, Erzurum, Kars
* Climatic Regions (CR) per TS-825 (2024).
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Table A2. Random Forest Hyperparameter Search Space.

Parameter Search Range Purpose

n_estimators [100, 300] Ensemble size for stability
max_depth [5, 8, 10, 12, 15, 20] Limit tree complexity

min_samples_split [10, 50] Samples before split
min_samples_leaf [5, 20] Minimum leaf samples

max_features [sqrt, log2, 0.5, 0.7] Feature subset per split
max_leaf_nodes [None, 50, 100, 150, 200] Direct complexity limit

min_impurity_decrease [0.0, 0.01] Meaningful splits only
max_samples [0.7, 1.0] Bootstrap fraction

Table A3. SVR Hyperparameter Search Space.

Parameter Search Range Purpose

C [1, 1000] Regularization strength
gamma [scale, auto, 0.001–1.0] RBF kernel bandwidth
epsilon [0.01, 0.5] ε-tube width
kernel rbf (fixed) Radial basis function

Table A4. MLP Hyperparameter Search Space.

Parameter Search Range Purpose

hidden_layer_sizes [(50), (100), (50, 50), (100, 50),
(100, 100)]

Network architecture depth and
width configuration

activation [relu, tanh] Non-linear activation
alpha [0.0001, 0.001, 0.01] L2 regularization strength

learning_rate_init [0.001, 0.01] Initial learning rate
max_iter [500, 1000] Training iterations

early_stopping True (fixed) Prevent overfitting
validation_fraction 0.1 (fixed) Hold-out for early stopping
n_iter_no_change 20 (fixed) Patience for early stopping
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