atmosphere

Article

Forecasting Human Bioclimatic Comfort in a Hot-Dry Climate
Using Sarimax Machine Learning: Diyarbakir, Turkey

Ahmet Ko¢ !, Murat Ucan 2

W) Check for updates

Academic Editors: Mariella Aquilino
and Shady Attia

Received: 14 May 2026

Revised: 16 June 2026

Accepted: 17 June 2026

Published: 20 June 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

, Siilem Senyigit Dogan !, Mehmet Kaya 37, Gokhan Sahin %*

and Erdal Akin 5/6/7/8:*

Department of Park and Garden Plants, Diyarbakir Vocational School of Technical Sciences, Dicle University,
Diyarbakir 21280, Turkey

Department of Computer Programming, Diyarbakir Vocational School of Technical Sciences, Dicle University,
Diyarbakir 21200, Turkey; murat.ucan@dicle.edu.tr

3 Department of Computer Engineering, Faculty of Engineering, Firat University, Elaz1g 23119, Turkey
Copernicus Institute of Sustainable Development, Utrecht University, Princetonlaan 8A,

3584 CB Utrecht, The Netherlands

Department of Computer Science and Media Technology, Malmo University, 205 06 Malmo, Sweden
Sustainable Digitalisation Research Centre, Malmo University, 205 06 Malmo, Sweden

Biofilms Research Center for Biointerfaces (BRCB), Malmo University, 205 06 Malmo, Sweden

Department of Computer Engineering, Bitlis Eren University, Bitlis 13100, Turkey

*  Correspondence: g.sahin0638@gmail.com (G.$.); erdal.akin@mau.se (E.A.)

® N o G

Abstract

Climate, and especially cities with hot climatic conditions, directly impact human life. In
this study, hourly datasets from the central meteorological station in Diyarbakir city center
for the years 1990-2022 were utilized. These data were analyzed using RayMan Pro-2.1
software, and Physiological Equivalent Temperature values were derived. The obtained
Physiological Equivalent Temperature values were analyzed using the SARIMAX model
implemented on a machine learning infrastructure to uncover the changes between 2022
and 2050. According to the results obtained, the Physiological Equivalent Temperature
value, which was 15.42 °C in 1990 in real terms, increased by 21.3% to 18.66 °C in 2022.
According to the SARIMAX model predictions, Physiological Equivalent Temperature
values in 2022 are estimated to rise to 21.42 °C by 2050, reflecting an increase of 14.79%. The
aim of this study is to examine the temporal variations in human bioclimatic comfort values
and provide a foundation for future predictions. This will contribute to the development of
urban master plans by local and administrative authorities.

Keywords: machine learning; RayMan; SARIMAX; bioclimatic comfort; physiological
equivalent temperature

1. Introduction

Global population growth and rural-to-urban migration have accelerated urbanization
and population growth. In rapidly increasing cities, urban heat island (UHI) zones and
poor land-use planning create localized microclimates that can harm public health [1]. Since
rising temperatures may limit physical activity, people with pre-existing health issues are
more vulnerable [2]. Other researchers have shown similar effects of rising temperatures
on vulnerable groups [3]. Air temperature, humidity, wind speed, sun radiation, clothing,
and activity level affect human thermal comfort [4]. Temperatures between 21 and 27.5 °C,
relative humidity between 30 and 65%, and wind velocity below 5 m/s provide bioclimatic
comfort. PET is a comprehensive thermal index based on human energy balance and
includes ambient temperature, humidity, wind speed, and sun radiation. PET evaluates

Atmosphere 2026, 17, 620

https://doi.org/10.3390/atmos17060620


https://crossmark.crossref.org/dialog?doi=10.3390/atmos17060620&domain=pdf&date_stamp=2026-06-25
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/atmosphere
https://www.mdpi.com
https://orcid.org/0000-0001-9219-2262
https://orcid.org/0000-0003-2995-8282
https://orcid.org/0000-0003-2862-2453
https://doi.org/10.3390/atmos17060620

Atmosphere 2026, 17, 620

2 of 20

thermal comfort well, according to multiple studies [5]. Because it incorporates several
environmental elements that affect human thermal reactions, PET gives a more accurate
assessment of perceived thermal conditions than air temperature alone [6]. Studies under
other climates have reached similar conclusions [7].

PET is commonly acknowledged as an effective year-round outdoor thermal comfort
indicator [8]. Researchers like it because it works in hot and cold temperatures [9]. Thus,
PET has been used to evaluate urban bioclimatic comfort in several climates [10]. It has
been shown to assess human heat perception in various metropolitan settings [11,12]. PET
has been used to study urban shape and land-use effects on thermal comfort [12]. Studies
on climate-sensitive urban design [13], outdoor thermal settings [14], urban heat stress
assessment [15], and sustainable city development strategies [16] used similar methods.

Weather station long-term hourly meteorological observations are used to calculate
PET values. Urban planning and climate adaption strategies that improve public well-
being and environmental sustainability benefit from such evaluations [17]. Climate data
has always been difficult to analyze and comprehend due to its volume and complexity.
Advances in machine learning and data analytics have helped academics process vast
datasets and find trends in climate records. Artificial intelligence’s machine learning branch
develops algorithms that can learn from data and make predictions or judgments without
programming. The literature has thoroughly discussed its theoretical foundations and
practical applications [18]. Machine learning algorithms find variable correlations and
make accurate future predictions by training on previous datasets [19].

Machine learning has enhanced difficult time-series dataset analysis and forecasting in
climate research [20]. Numerous studies have shown their climate predicting accuracy [21].
Recent research has shown their ability to find nonlinear correlations in meteorological
datasets [22]. More research has demonstrated they can improve predicting under dif-
ferent climates [23,24]. Machine learning methods have higher predictive accuracy [25]
and fewer forecasting errors [26] than statistical and physical models [27]. These bene-
fits have increased machine learning’s use in climate science [28], improving predictive
capabilities [29], supporting climate adaptation planning [30], improving environmental
decision-making [31], facilitating urban resilience studies [32] and promoting sustainable
climate management [33].

Turkish climate research have integrated Al and machine learning analysis alongside
global breakthroughs [34]. Recently published national studies show increased interest
in data-driven climate research [35,36]. Most studies predict individual meteorological
fac-tors like temperature, humidity, and wind speed, but few have predicted Physiological
Equivalent Temperature (PET), which is crucial for assessing human thermal comfort.
This study intends to assess historical variations in PET conditions in Diyarbakir through
hourly meteorological data gathered from 1990 to 2022 and to project future PET trends
till 2050 utilizing a SARIMAX-based forecasting methodology. This study enhances the
literature by integrating long-term PET analysis with machine-learning-based time-series
forecasting, offering insights that could inform urban planning and climate adaption
strategies in arid towns. The research seeks to predict the long-term temporal dynamics of
human thermal comfort using PET, which consolidates several meteorological factors into
a singular biometeorological index.

2. Material

This section describes the study area, meteorological dataset, and the main input
variables used for PET calculation and subsequent time-series modeling. The materials
are organized to ensure a clear understanding of the data sources and their role in both
bioclimatic analysis and forecasting stages.
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2.1. Study Area

Diyarbakir Province, located in the Southeastern Anatolia Region of Tiirkiye, was
selected as the study area due to its strong continental climate characteristics and rapid
urbanization processes (Figure 1). The province is situated between 37.52° N latitude
and 40.13° E longitude, while meteorological observations were obtained from Baglar
Meteorological Station No. 19268 (37.80° N, 39.55° E).
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Figure 1. Location of the study area.

Covering an area of approximately 15,168 km?, Diyarbakir is one of the major urban
centers in the region. According to recent demographic statistics, the city has experienced
continuous population growth driven by migration and urban expansion. The annual
population growth rate is reported as 0.45% [37], and the total population increased from
1,362,718 in 2020 to 1,818,133 in recent years [38].

These demographic changes were included to emphasize the role of urbanization
and population growth in shaping local thermal environments and increasing heat expo-
sure risk.

The city experiences a continental climate characterized by hot, dry summers and cold
winters. Mean monthly temperatures range from 1.8 °C in winter to 31 °C in summer [39].
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Annual precipitation averages 491 mm, with only about 2% occurring during summer
months [40].

From a geographical perspective, Diyarbakir is located at an elevation of approx-
imately 600-650 m above sea level on the eastern basalt plateau extending toward the
Tigris Valley. This geographical setting plays a critical role in shaping local microclimatic
conditions due to topographic and atmospheric interactions.

2.2. Data Collection

This study utilized hourly meteorological data received from the Diyarbakir Meteoro-
logical Station. The dataset encompasses a 32-year span from 1990 to 2022, with recordings
of air temperature (°C), relative humidity (%), wind speed (m s~ 1), and cloud cover (octa).
The extensive and high-temporal-resolution dataset offers a solid foundation for assessing
climatic variability, thermal comfort conditions, and temporal trends in the region under
investigation [41-45]. Before analysis, the data underwent quality control methods to detect
and remove missing, inconsistent, or erroneous records.

3. Method
3.1. Methodological Framework

This study adopts a two-stage methodological framework designed to integrate bio-
climatic modeling with statistical forecasting. In the first stage, Physiological Equivalent
Temperature PET values were calculated using the RayMan model based on 32 years of
hourly meteorological observations [46—48]. In the second stage, the resulting PET time
series was analyzed and forecasted using a SARIMAX-based time-series model. This
separation of modeling stages ensures that the bioclimatic calculation process and the
forecasting procedure are clearly distinguished, thereby improving methodological trans-
parency and interpretability.

The methodological workflow of the study is summarized in Figure 2. As shown in
the figure, the process begins with long-term meteorological data collection, continues
with PET computation using RayMan, and concludes with time-series forecasting using
SARIMAX. This structure provides a clear transition from raw climatic inputs to predictive
bioclimatic outputs.
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l
| | N

Temperature [Relative humidity Wind speed Cloudiness

| | N
|

Rayman 2.1

l

Physiological equivalent temp
(PET)

|

Machine learning

|

SARIMAX

|

Future PET forecast
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Figure 2. Workflow diagram.
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Figure 2 illustrates the complete methodological pathway of the study. The diagram
highlights the sequential structure of the analysis and clearly separates the deterministic
bioclimatic modeling phase from the statistical forecasting phase. This structure was
designed to improve reproducibility and conceptual clarity.

3.2. Stage 1: PET Calculation Using RayMan Model

In the first stage, Physiological Equivalent Temperature PET values were calculated
using RayMan 2.1, a widely used biometeorological model designed to evaluate outdoor
thermal comfort conditions [46,48]. The model integrates key meteorological variables such
as air temperature, relative humidity, wind speed, and cloud cover. These variables are
essential for calculating both PET and mean radiant temperature MRT.

In addition to meteorological inputs, radiation fluxes, surface characteristics, and
geometric factors were included to improve the representation of urban environmental
conditions. Geographic parameters such as latitude and altitude were also considered to
increase the accuracy of local climate representation.

3.2.1. Data Preparation and PET Computation

PET calculations were performed using 32 years of hourly meteorological data ob-
tained from the Diyarbakir State Meteorological Service. The dataset includes air tempera-
ture, wind speed, relative humidity, and cloud cover variables. Prior to analysis, all datasets
were cleaned, standardized, and formatted to ensure compatibility with RayMan input
requirements. This preprocessing step was essential to maintain temporal consistency and
to avoid biases in long-term PET estimation.

The PET index is based on the human energy balance concept proposed by Hoppe,
which describes the equilibrium between metabolic heat production and environmental
heat exchange. Within this framework, PET represents the equivalent indoor air temper-
ature that produces the same physiological thermal load as observed in outdoor condi-
tions [48]. The human energy balance equation is expressed as M plus W0 plus R plus C
plus Esk plus Eres plus Esw plus S equals zero, where each term represents a component of
heat exchange between the human body and the environment, as shown in Equation (1).
The human energy balance formulation is expressed as follows:

M+WO0+R+C+Esk+Eres+Esw+5=0 (1)

In this formulation, M represents metabolic heat production, W0 mechanical work,
R radiative heat exchange, C sensible heat transfer, Esk latent heat loss through skin
evaporation, Eres respiratory heat exchange, Esw sweat evaporation, and S thermal storage.
This balance assumes steady-state conditions where total heat storage is zero.

Table 1 was used to interpret PET results in terms of human thermal perception.
As shown in Table 1, PET values are categorized into thermal stress levels ranging from
extreme cold stress to extreme heat stress. This classification allows direct translation of
numerical outputs into physiologically meaningful thermal comfort categories, which is
essential for bioclimatic assessment studies [42,49-51].

The PET classification was used throughout the study to evaluate temporal changes in
thermal comfort conditions and to interpret seasonal variations in human thermal exposure.
Standard physiological assumptions were applied in the PET calculations, representing a
reference individual: a 35-year-old male with a height of 175 cm, metabolic rate of 80 W, and
clothing insulation value of 0.90 clo. These standardized parameters ensure comparability
across the full 32-year dataset and maintain consistency in bioclimatic interpretation.
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Table 1. PET categories representing thermal stress levels and thermal sensation ranges [46,52].

PET (°O) Level of Thermal Stress =~ Thermal Sensation Ranges
<4°C Extreme cold stress Very cold
41-8°C Strong cold stress Cold
8.1-13°C Moderate cold stress Cool
13.1-18 °C Slight cold stress Slightly cool
18.1-23 °C No thermal stress Neutral (comfortable)
23.1-29 °C Slight heat stress Slightly warm
29.1-35°C Moderate heat stress Warm
35.1-41°C Strong heat stress Hot
41 °C< Extreme heat stress Very hot

3.2.2. RayMan Model Description and Interpretation

RayMan is a microscale radiation and bioclimate model developed at the Albert
Ludwigs University of Freiburg. It is widely used in thermal comfort research due to its
ability to simulate both shortwave and longwave radiation exchange in complex urban
environments. The model accounts for cloud cover, shading effects, and surrounding
obstacles, making it particularly suitable for urban climate applications.

The PET values generated by RayMan are derived from human energy balance calcu-
lations and are classified according to bioclimatic comfort criteria defined by Matzarakis.
These classifications enable interpretation of thermal stress conditions in relation to human
physiological response, as supported in previous studies [49,53].

RayMan was selected in this study because it integrates environmental geometry with
physiological heat balance principles, allowing a realistic representation of outdoor thermal
conditions in urban environments [46,53-55].

3.2.3. Interpretation of Workflow Structure

The methodological workflow presented in Figure 2 demonstrates the integration of
two complementary modeling approaches. The first stage focuses on physically based
bioclimatic modeling using RayMan, while the second stage applies statistical forecasting
using SARIMAX. This combination enables both retrospective analysis and future projection
of PET dynamics.

Figure 2 highlights that raw meteorological data are transformed into bioclimatic indi-
cators before being processed in a forecasting framework. This sequential transformation
improves analytical transparency and ensures methodological traceability across all stages
of the study.

3.3. Stage 2: SARIMAX Forecasting Model

In the second stage, the SARIMAX Seasonal AutoRegressive Integrated Moving Av-
erage with Exogenous Variables model was applied to forecast PET time-series data. The
model captures trend, seasonality, and autocorrelation structures within the dataset, making
it suitable for long-term climatic forecasting applications [56].

This stage focuses on predicting future PET values derived from RayMan outputs
rather than raw meteorological variables. By using PET as the dependent variable, the
model directly reflects changes in human thermal comfort conditions over time.
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3.3.1. Data Processing and Model Training

The PET dataset obtained from RayMan was transformed into a structured time-series
format suitable for SARIMAX modeling. The dataset was divided chronologically into
training, validation, and testing subsets with proportions of 60 percent, 20 percent, and
20 percent respectively. This temporal splitting approach preserves the sequential nature of
the data and prevents information leakage during model training.

The modeling process was implemented in Python version 3.12.13. using Google
Colab Pro, which provides high computational efficiency for large-scale time-series analysis.
Libraries such as statsmodels, TensorFlow, scikit-learn, and matplotlib were used for data
preprocessing, model construction, and visualization of results.

Figure 3 presents the complete modeling pipeline including preprocessing, training,
validation, and testing phases. The structured workflow ensures reproducibility and

transparency in model development.

Data Dataset SARIMAX
Preprocessing Splitting Model

Analysis of
Model
Success with
Test Data

Relative
Humidity

Future
Forecast

Figure 3. SARIMAX model implementation steps.

3.3.2. Parameter Optimization

The SARIMAX model parameters were optimized using a grid search approach based
on the Akaike Information Criterion AIC. This method evaluates different parameter
combinations and selects the configuration that minimizes information loss while avoid-
ing overfitting.

The optimal parameter set was determined as 1, 1, 1 multiplied by 1, 1, 1, 12. This
configuration was found to best capture both seasonal and non-seasonal structures in the
PET time series.

3.3.3. SARIMAX Model Equation

The SARIMAX model formulation is expressed in Equation (2), where X; represents
the PET time series, yy; represents exogenous variables, and et denotes the error term.
Equation (2), the SARIMAX model formulation, is expressed as follows:

$,(G)d,(G*)(1—G)'(1—G*)PXs = oy, +74(G)wo(G)er 2)

This formulation combines autoregressive, integrated, and moving average compo-
nents with seasonal effects and external variables. In this study, the model was used to
capture long-term temporal dynamics of PET and to generate future projections of thermal
comfort conditions.

4. Result
4.1. Evaluation of Available Data

In the study, after the PET calculations of 32-year datasets were made, they were
evaluated in 5-year periods, 2-year periods and finally in general. The average PET value
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between 1990 and 1995 was 15.58 °C. Within this time interval, the maximum PET value
occurred between the 200th and 221st days of the year. During 80 percent of this 22-day
period, individuals were exposed to temperature extremes. Between 1990 and 1995, the
maximum PET value reached 47.03 °C, while the minimum was —9.71 °C. From the 330th
to the 365th days and the 1st to the 50th days of the year, people were exposed to cold stress,
particularly between the 11th and 30th days. Moreover, between the 350th and 360th days,
individuals experienced very cold stress on 100 percent of the days (Figure 4).
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0

-y - —
- ey =4
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® Very Cold m Cold mCool m Slightly Cool  Neutral (Comfortable) - Slightly Warm = Warm

Figure 4. PET chart from 1990 to 1995.

The average PET value between 1996 and 2001 was determined to be 16.92 °C. In
this period, the maximum PET value occurred between the 200th and 221st days of the
year. For 80 percent of this 22-day period, individuals were exposed to temperature
extremes. Between 1996 and 2001, the maximum PET value reached 48.81 °C, while the
minimum was —7.46 °C. From the 330th to the 365th days and the 1st to the 60th days of
the year, individuals were exposed to cold stress, particularly between the 15th and 33rd
days. Moreover, between the 340th and 355th days, people experienced very cold stress
100 percent of the time. Between the 180th and 240th days of the year, individuals were
exposed to heat stress (Figure 5).

The average PET value between 2002 and 2007 was determined to be 17.36 °C. In
this time interval, the maximum PET value occurred between the 200th and 220th days
of the year. For 85% of this 19-day period, individuals were exposed to temperature
extremes. Between 2002 and 2007, the maximum PET value reached 48.25 °C, while the
minimum was —10.95 °C. From the 330th to the 365th days and the 1st to the 60th days of
the year, individuals were exposed to cold stress, particularly between the 20th and 38th
days. Moreover, between the 348th and 353rd days, people experienced very cold stress
100 percent of the time. Between the 200th and 220th days of the year, individuals were
exposed to heat stress (Figure 6).
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Figure 5. PET chart from 1996 to 2001.
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Figure 6. PET chart from 2002 to 2007.

The average PET value between 2008 and 2013 was determined to be 16.92 °C. In
this time interval, the maximum PET value occurred between the 200th and 221st days
of the year. For 83% of this 20-day period, individuals were exposed to temperature
extremes. Between 2008 and 2013, the maximum PET value reached 47.86 °C, while the
minimum was —9.65 °C. From the 330th to the 365th days and the 1st to the 60th days of
the year, individuals were exposed to cold stress, particularly between the 19th and 30th
days. Moreover, between the 347th and 352nd days, people experienced very cold stress
100 percent of the time. Between the 200th and 221st days of the year, individuals were
exposed to heat stress (Figure 7).
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Figure 7. PET chart from 2008 to 2013.

The average PET value between 2014 and 2019 was determined to be 18.07 °C. In this
time interval, the days with the maximum PET value fall between the 180th and 215th days
of the year. For 88% of this 34-day period, individuals were exposed to extreme temperature

conditions. Simultaneously, unlike other years, between the 193rd and 230th days, people

experienced heat stress throughout the entire day. While the maximum PET reached
43.48 °C between 2014 and 2019, the minimum was recorded at —8.10 °C. From the 320th
to the 365th days and the 1st to the 50th days of the year, individuals were exposed to cold
stress, especially between the 31st and 40th days. Furthermore, between the 355th and

358th days, people experienced very cold stress for 100% of those days (Figure 8).
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Figure 8. PET chart from 2014 to 2019.

The average PET value between 2020 and 2022 was determined to be 18.46 °C. In this
time interval, the days with the maximum PET value fall between the 192nd and 241st days

of the year. For 92% of this 48-day period, individuals were exposed to extreme temperature
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conditions. Between 2020 and 2022, the maximum PET value reached 48.73 °C, while the
minimum was recorded at —10.06 °C. From the 330th to the 365th day and the 1st to the
60th days of the year, individuals were exposed to cold stress, particularly between the
25th and 36th days. Furthermore, between the 352nd and 355th days, people experienced
very cold stress for 100% of those days (Figure 9).
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Figure 9. PET chart from 2020 to 2022.

An analysis of the 32-year dataset reveals an average Physiological Equivalent Tem-
perature (PET) of 17.11 °C. Within this period, individuals experienced a wide range of
thermal conditions, with the highest PET recorded at 45.40 °C—indicative of extreme heat
stress—and the lowest at —6.21 °C, corresponding to extreme cold stress. Heat stress was
most prevalent during the summer months, particularly between the 190th and 244th days
of the year. In contrast, periods of extreme cold stress occurred primarily between the 1st
and 50th days, and again from the 334th to the 365th days. Thermal comfort conditions
were typically observed between the 118th and 273rd days, marking the most favorable
period for human thermal perception within the annual cycle (Figure 10).
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Figure 10. PET chart from 1990 to 2022.
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4.2. Evaulation of Feature Forecast Data

In the 32-year dataset, the SARIMAX forecasting model with automated parameter
optimization allocated 60% of all data for training, 20% for validation, and 20% for testing.
The data subsets were divided chronologically to preserve the temporal structure of the
time series and prevent information leakage between training and testing phases (Figure 11).
The model exhibited effective performance at these stages. During the testing phase, the
final model achieved a Mean Absolute Percentage Error (MAPE) of 2.34%, indicating high
forecasting accuracy for PET predictions. The 20% test data included in the study, along
with the current data and the model’s predictions, are presented visually (Figure 11). The
predicted values closely followed the observed PET series, demonstrating the model’s
ability to capture both long-term trends and seasonal variability in Figures 11 and 12.

(i
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»
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PET

5

- PET
Forecast

Figure 11. Distribution of data for the SARIMAX model.
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50 1

Date
1999 2009 2019 2029 2039 2049

Figure 12. PET change graph between 1990 and 2050.

The average PET value is projected to be 20.12 °C during the period from 2023 to 2050.
Compared with the historical average PET value of 17.11 °C for the period 1990-2022, this
represents an increase of approximately 17.6%. Upon analyzing the actual data from 1990
to 2022, the PET value, initially at 17.11 °C, is estimated to increase by 17.59%, reaching
20.12 °C by 2050. In fact, the PET value, which stood at 15.58 °C between 1990 and 1995,
experienced an 18.48% increase, reaching 18.46 °C between 2020 and 2002. Between 2023
and 2050, the maximum PET value of 40.52 °C is projected for July 2049. Although future
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mean PET values are expected to increase, projected extreme values remain lower than
some historical extremes due to the smoothing characteristics of the SARIMAX forecasting
framework and the statistical nature of long-term predictions. The minimum PET value of
0.07 °C is estimated in January 2024 (Figures 12 and 13).
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Figure 13. PET change graph between 2023 and 2050.
In this study, the SARIMAX method was employed, and results were obtained with
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Figure 14. Statistical evaluations of datasets.

5. Discussion

Human bioclimatic comfort has traditionally been assessed using simple indicators
such as air temperature and humidity combined with subjective evaluations [5]. Over time,
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more advanced thermal comfort indices such as Physiological Equivalent Temperature
(PET) [8], Apparent Temperature [56,57], Predicted Mean Vote (PMV) [58], and Standard
Effective Temperature (SET) [59,60] were developed to integrate multiple meteorological
and physiological parameters [4]. Among these, PET is particularly suitable for outdoor
environments, especially in dry climates like Diyarbakar, as it expresses thermal conditions
in degrees Celsius and incorporates key variables including air temperature, humidity,
wind speed, radiation, clothing, and metabolic activity [8,46,61].

The research indicates a substantial rise in PET values in Diyarbakir during the study
duration. The noted rise signifies a progressive decline in outdoor thermal comfort and
an escalation in heat stress exposure. Comparable patterns have been observed in other
semi-arid and swiftly urbanizing cities, where climate change and urban heat island effects
collectively exacerbate thermal stress levels. PET is widely recognized as a comprehen-
sive biometeorological index that effectively represents human thermal perception under
outdoor conditions. Previous studies confirm that meteorological variables such as temper-
ature, humidity, wind speed, and cloud cover directly influence PET and human thermal
stress levels [46,62,63]. In the present study, between 1990 and 2022, air temperature
increased by 0.6 °C and humidity by 3%, while wind speed and cloud cover remained
relatively stable, resulting in a 0.19 °C rise in PET in Diyarbakir. These results are consistent
with previous research highlighting the sensitivity of PET to climate variability. Recent
literature emphasizes PET as a robust tool for assessing long-term bioclimatic comfort,
particularly in urban environments. Earlier foundational studies by Matzarakis et al. (1999)
and Hoppe (1999) established its theoretical basis [8,46], while more recent studies have
applied PET to urban form and green infrastructure analysis [64]. However, most previous
work has been limited to seasonal or static assessments, whereas this study provides a
long-term (32-year) and predictive analysis, extending up to 2050.

Methodologically, this research contributes by applying a SARIMAX-based time-series
forecasting framework with automated parameter optimization based on AIC minimiza-
tion. While SARIMAX provides stable short- and medium-term forecasting [65,66], hybrid
approaches can improve prediction accuracy compared to standalone statistical models.
Research indicates that SARIMAX can yield competitive forecasting performance relative
to more complex approaches while maintaining greater interpretability and computational
efficiency. Machine learning approaches, including Random Forest and LSTM models,
have been widely used, particularly in contexts characterized by high volatility and non-
stationary data [67,68]. In this study, the model achieved a low forecasting error (~2.34%),
demonstrating strong predictive performance compared to conventional approaches. The
SARIMAX model exhibited commendable predictive accuracy with a comparatively min-
imal prediction error. The model effectively identified long-term temporal trends and
seasonality within the PET dataset. SARIMAX provides an interpretable and computation-
ally efficient framework for long-term time-series forecasting, in contrast to more intricate
deep learning methodologies. Nonetheless, certain limits must be acknowledged. The
analysis is predicated on observations from a solitary meteorological station situated in
the urban region of Diyarbakir. Thus, the findings predominantly illustrate local urban
climate conditions and may not entirely capture the spatial heterogeneity throughout the
region. The forecasting model relies on historical PET measurements and does not explicitly
include greenhouse gas emission scenarios, land-use change estimates, or outputs from
regional climate models. Consequently, the anticipated values should be seen as statistical
forecasts based on past patterns rather than definitive climate change predictions. Third, the
uncertainty of long-term forecasting always escalates with the extension of the prediction
horizon. Extreme phenomena, including forthcoming heat waves, extended droughts, or
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abrupt climatic shifts, may not be adequately captured by the SARIMAX model. As a result,
future PET values may deviate from the projections outlined in this study.

Previous studies have mainly focused on general climate variables under SSP/RCP
scenarios [69,70], whereas PET-based forecasting remains limited. The results of this study
indicate that PET increases more rapidly than air temperature alone, particularly in arid
and densely urbanized regions such as Diyarbakir, due to combined effects of urban heat
island formation, reduced vegetation, and altered wind flow. Similar findings regarding
the influence of urban morphology on thermal comfort have been reported in earlier
studies [71,72].

Urban expansion in Diyarbakir, including increased built-up areas between 1990 and
2018, may have contributed to the observed rise in thermal stress. However, because
urban morphology variables were not explicitly incorporated into the forecasting model,
this relationship should be interpreted as an association rather than direct causation. The
results show an overall PET increase of approximately 38.9% during the study period, with
projections indicating further increases up to 2050 (21.42 °C). This aligns with literature
suggesting that semi-arid cities in mid-latitude regions are particularly vulnerable to
intensified heat stress under climate change [73,74].

From a health perspective, rising PET values are associated with increased risks of
heat stress, cardiovascular strain, and reduced outdoor activity [75,76]. The study also
indicates a decreasing number of thermally comfortable days during summer, which may
negatively affect both public health and social activity. Similar impacts on well-being and
outdoor behavior have been reported in previous studies [77,78].

Compared with earlier works focusing on seasonal PET variability or scenario-based
projections [79], this study provides continuous hourly analysis and long-term forecasting,
offering a more detailed temporal understanding of thermal comfort dynamics. While most
studies rely on air temperature-based projections [80-82], the present results demonstrate
that PET offers a more realistic representation of human thermal stress because it integrates
multiple environmental drivers.

Although machine learning models such as LSTM have been used in climate fore-
casting [83-85], they often require large datasets and complex tuning. In contrast, the
SARIMAX-based hybrid approach used here provides a balance between interpretability
and accuracy for long-term hourly PET data.

Finally, the findings highlight the strong influence of urban morphology, land cover
change, and loss of green spaces on increasing PET values [2,71,72]. Traditional urban
design elements such as narrow streets, courtyards, and shading structures may provide
effective mitigation strategies [64,86]. Overall, the study emphasizes that rising thermal
stress in Diyarbakir has significant implications for urban planning, public health, and
energy demand, and it demonstrates the importance of integrating machine learning based
forecasting into climate adaptation strategies.

Although the SARIMAX model demonstrated strong predictive performance, uncer-
tainty inevitably increases with forecast horizon. Therefore, PET projections beyond the
calibration period should be interpreted as statistical extrapolations of historical patterns
rather than deterministic climate projections. Future studies may improve forecast reliabil-
ity by integrating greenhouse gas emission scenarios, regional climate model outputs, and
land-use change projections.

6. Conclusions

This study presents a data-driven analysis of long-term and future bioclimatic comfort
trends in Diyarbakar, Tiirkiye, using 32 years of meteorological observations combined
with a SARIMAX model with automated parameter optimization. The results indicate that
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the average PET value increased from 17.11 °C during the historical period (1990-2022) to a
projected average of 20.12 °C during the forecast period extending to 2050, corresponding to
an increase of approximately 17.6%. The findings reveal a transition from moderate thermal
comfort conditions toward more frequent and prolonged heat stress, particularly in summer.
Although cold stress conditions persist during winter, the intensity and duration of heat
extremes have increased, leading to more persistent summer discomfort. The SARIMAX
model demonstrates strong predictive performance, with a low Mean Absolute Percentage
Error (MAPE) of 2.34%, confirming its reliability for PET forecasting. Urban expansion
in Diyarbakir, including increased built-up areas, reduced green spaces, and disrupted
wind circulation, may have contributed to rising PET values and intensified urban heat
island effects. Unlike previous studies focused on short-term or seasonal assessments, this
research provides long-term and annual-scale projections, supporting more informed urban
planning and policy development. The study also highlights the relationship between PET
and energy systems, particularly solar energy performance, as meteorological factors such
as wind speed and humidity influence both thermal comfort and photovoltaic efficiency.
These interactions are important for future energy and urban infrastructure planning in
warming cities. To mitigate increasing thermal stress, climate-resilient urban strategies
are necessary, including improved wind circulation through urban design, expansion
of vegetation and shade-providing green infrastructure, use of reflective and permeable
materials, and increased green open spaces.

In conclusion, PET is a valuable biometeorological indicator for assessing human ther-
mal comfort and supporting climate-sensitive urban planning. The findings demonstrate a
gradual increase in thermal stress conditions in Diyarbakir and highlight the importance of
integrating long-term PET forecasting into urban adaptation and public health strategies.
Nevertheless, future projections should be interpreted within the limitations of statistical
forecasting and validated using climate scenario-based approaches in future research.

The results emphasize the need for integrated climate adaptation strategies to ensure
livable and resilient urban environments in Diyarbakir and other cities facing similar
climate and urbanization pressures.
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