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The study predicts daily global horizontal irradiance (GHI) using 2015-2022 daily meteorological
measurements from Hakkari (RH, wind speed, temperature, atmospheric pressure, sunshine
duration) and compares SVR, RF, XGBoost, and LR with R?>, MAE, RMSE, and R metrics. / Bu
calisma, Hakkari’de 2015-2022 arasinda giinliik él¢iilen bagil nem, riizgdr hizi, sicaklik, atmosfer
basinct ve giineslenme siiresi gibi verilerle giinliik toplam kiiresel giines radyasyonunu (GHI)
tahmin etmektedir. SVR, RF, XGBoost ve LR modellerini R?>, MAE, RMSE ve R Jdlgiitleriyle
karsilastirmaktadir.

Inputs Relationships & Models Output
TE, RH, WS, AP, SD LR « SVR « RF « XGBoost Predicted daily GHI

tigflagal

Figure A: Graphical abstract of the study / Sekil A:.Calismanin grafik ozeti

Highlights (Onemli noktalar)

»  GHI was predicted using 2015-2022 local meteorological observations in Hakkari. /
Hakkari’de 2015-2022 dénemine ait yerel meteorolojik gozlemler kullanilarak GHI
tahmin edilmigtir.

»  SVR, RF, XGBoost and LR models were compared using R?>, RMSE, MAE and R metrics.
/SVR, RF, XGBoost ve LR modelleri, R?>, RMSE, MAE ve R dl¢iitleriyle karsilastirilmigstir.

»  Sunshine duration, temperature and atmospheric pressure were the most effective
determinants of daily solar radiation. / Giineglenme siiresi, sicaklik ve atmosfer basinci,
giinliik giines radyasyonunun en etkili belirleyicileri olmustur.

»  Findings supported reliable, cost-effective prediction for PV planning in high-altitude,
variable-climate regions. / Bulgular, yiiksek rakimli ve degisken iklimli bélgelerde PV
planlamasi igin giivenilir ve diigiik maliyetli tahmini desteklemistir.

Aim (Amacg): This study aims to predict GHI in Hakkari using 2015-2022 daily meteorological
variables (RH, WS, TE, AP, SD) and to compare the performance of SVR, RF, XGBoost, and LR
models. / Bu ¢alisma, Hakkdri'de 2015-2022 arasinda giinliik él¢iilen meteorolojik degiskenleri
(RH, WS, TE, AP, SD) kullanarak giinliik toplam kiiresel giines radyasyonunu tahmin etmeyi ve
SVR, RF, XGBoost ve LR modellerinin performansin karsilagtirmayr amaglamaktadr.

Originality (Ozgiinliik): The paper’s originality lies in filling a literature gap by developing and
benchmarking multiple machine-learning models for daily GHI prediction in the high-altitude,
topographically complex Hakkari region using daily meteorological data and analyzing key driving
variables. / Makalenin ozgiinliigii, literatiirde sumirli ¢alisilan Hakkari gibi yiiksek rakimli ve
karmasgik topografyali bir bolgede, giinliik meteorolojik verilerle giinliik GHI tahmini i¢in birden
fazla makine ogrenmesi modelini karsilastirmasidur.

Results (Bulgular): Results indicate sunshine duration, temperature, and atmospheric pressure are
the most influential variables, and SVR performs best (R*=0.703), showing reliable and cost-
effective prediction is feasible even under Hakkari’s high-altitude, variable climate. / Sonuglar, en
etkili degiskenlerin giineslenme stiresi, sicaklik ve atmosfer basinct oldugunu, ayrica SVR 'nin
(R°=0.703) en iyi performansi vererek yiiksek rakim ve degisken iklime ragmen yerel verilerle
giivenilir ve diigiik maliyetli tahmin yapilabilecegini gosterdigini ortaya koymaktadir.

Conclusion (Sonug): SVR best predicted daily GHI, mainly driven by sunshine duration,
temperature, and pressure. / SVR, ézellikle giineslenme siiresine, sicakliga ve basinca bagh olan
GHI'y1 en iyi sekilde tahmin etmigtir.
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This study aims to predict the daily total global solar irradiance (GHI) utilizing machine learning
methods using meteorological indicators such as relative humidity (RH), wind speed (WS),
temperature (TE), atmospheric pressure (AP), sunshine duration (SD) measured daily between
2015 and 2022 at the station within the Hakkari Provincial Directorate of Meteorology. Solar
irradiance prediction is of great importance, especially in terms of determination of the solar
energy potential, photovoltaic (PV) system performance analysis, and energy planning. In this
context, Extreme Gradient Boosting (XGBoost), random forest (RF), support vector regression
(SVR), linear regression (LR) algorithms were applied, and the prediction successes of the models
were compared using coefficient of determination (R?), mean absolute error (MAE), root mean
square error (RMSE), and correlation coefficient (R) performance criteria. The findings denoted
that SD, TE and AP were the most effective determinants of daily solar radiation. Furthermore,
among the four different algorithms used in the GHI estimation study, the SVR model was found
to exhibit superior performance compared to the other models, with R>=0.703, RMSE=1.381,
MAE=0.983, and R=0.838. In the LR model, R? was calculated as 0.685, RMSE as 1.422, MAE
as 1.082, and R as 0.827. The RF and XGBoost algorithms, respectively, showed similar
performance with R>=0.654, RMSE=1.491, MAE=1.061, R=0.808 and R?>=0.646, RMSE=1.509,
MAE=1.094, R=0.803. The findings demonstrate that, despite Hakkari's high altitude and
variable climate conditions, reliable and cost-effective solar radiation prediction models can be
developed using local meteorological data, making significant contributions to renewable energy
applications.

Yerel Meteorolojik Gozlemler Kullanilarak Ginliik Kiiresel Giines
Radyasyonunun Makine Ogrenmesine Dayalh Tahmini
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Bu ¢alismada, Hakkari ili meteoroloji il miidiirliigii biinyesinde bulunan istasyondan 2015-2022
yillari arasinda giinliik olarak 6lgiilen bagil nem (RH), riizgar hiz1 (WS), sicaklik (TE), atmosfer
basinct (AP), giineslenme siiresi (SD) gibi meteorolojik gostergeler kullanilarak, giinliik toplam
kiiresel gilines radyasyonunun (GHI) makine Ogrenmesi yontemleri ile tahmin edilmesi
amaclanmistir. Giines radyasyonu tahmini, dzellikle giines enerjisi potansiyelinin belirlenmesi,
fotovoltaik (PV) sistem performans analizleri ve enerji planlamasi agisindan biiylik bir 6neme
sahiptir. Bu kapsamda, Extreme Gradient Boosting (XGBoost), rastgele orman (RF), destek
vektor regresyonu (SVR), dogrusal regresyon (LR) algoritmalari uygulanmis; modellerin tahmin
basarilari coefficient of determination (R?), mean absolute error (MAE), root mean square error
(RMSE) ve correlation coefficient (R) performans kriterleri ile karsilastirtlmistir. Sonuglar, SD,
TE ve AP’nin giinliik giines radyasyonunun en etkili belirleyicileri oldugunu gdstermistir. Ayrica
GHI tahmin c¢alismasinda kullanilan dort farkli algoritma arasindan SVR modelinin R?>=0.703,
RMSE=1.381, MAE=0.983 ve R=0.838 ile diger modellere kiyasla daha iistiin performans
sergiledigi belirlenmistir. LR modelinde R?=0.685, RMSE=1.422, MAE=1.082 ve R=0.827
olarak hesaplanmistir. RF ve XGBoost algoritmalari ile sirasiyla hesaplanan R*=0.654,
RMSE=1.491, MAE=1.061, R=0.808 ve R>=0.646, RMSE=1.509, MAE=1.094, R=0.803
degerleri birbirine yakin performans gostermistir. Elde edilen bulgular, Hakkari’nin yiiksek
rakimli ve degisken iklim kosullarina ragmen yerel meteorolojik verilerin kullanilmasiyla
giivenilir ve diigiik maliyetli giines radyasyonu tahmin modellerinin gelistirilebilecegini ortaya
koymakta ve yenilenebilir enerji uygulamalarina 6nemli katkilar sunmaktadir.
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1. INTRODUCTION (GIRIS)

Solar radiation prediction has become a critical
research area for accurately determining solar
energy potential, modeling PV energy production,
and designing efficient energy systems. Increasing
renewable energy demand and efforts to combat
climate change have significantly increased
scientific interest in data-driven approaches to solar
radiation prediction [1]. The proliferation of

machine learning has significantly improved
prediction accuracy, indicating that machine
learning-based models will be becoming

increasingly dominant in the field of solar irradiance
prediction [2].

Machine learning methods offer advantages such as
capturing nonlinear relationships in solar radiation
predicting, modeling interactions between different
meteorological variables, and delivering higher
performance on high-dimensional datasets. These
models are particularly effective in uncovering
relationships among parameters such as TE, RH,
WS, SD [3, 4]. Furthermore, multi-model
approaches and hybrid predicting structures are also
recognized in the literature as important tools for
improving prediction performance [5].

Hyperparameter optimization is a crucial
component that directly affects model performance,
particularly in tree-based (RF) algorithms and
boosting (XGBoost) methods. The XGBoost model
is frequently preferred for solar radiation prediction,
and various studies have demonstrated that
prediction accuracy can be increased with correct
hyperparameter settings [6-8]. Furthermore,
appropriate input variable selection is also an
important factor affecting the success of prediction
models. It has been shown in the literature that more
optimized prediction models can be developed by
eliminating unnecessary or low-contribution
variables using methods such as entropy theory and
principal component analysis (PCA) [9, 10].

Studies conducted in different geographical
conditions indicate that the impact of
meteorological parameters on solar radiation can
vary depending on regional dynamics. Studies
conducted in regions with high insolation potential,
such as Saudi Arabia and India, have shown that
temperature and sunshine duration are the most
decisive variables [11, 12]. Studies conducted
specifically for Turkey have indicated that the
effects of humidity and wind vary seasonally and
vary according to regional geographical conditions
[13]. Furthermore, the higher accuracy of ensemble
models compared to single regression approaches is

clearly evident in various comparative studies [14,
15].

A general trend in the literature suggests that
machine learning methods offer an effective
approach to solar radiation prediction; however,
model success varies depending on regional climate
characteristics, the quality of the dataset, and the
hyperparameter settings of the algorithm used [16,
17].  Studies conducted in high-altitude,
topographically complex regions in Turkey are
limited, and new data-driven modeling approaches
in such regions fill a significant gap in the literature.
In that manner, solar irradiance prediction studies
conducted in regions with high altitude, harsh
climate, and geographical variability, such as the
Hakkari Meteorological Station, will make valuable
contributions to both Turkish and international
research. These contributions can be listed as
follows:

e For strengthening scientific validity for data
used within the study, an original study based
on verified daily meteorological data obtained
from the official institution was presented.

e Data-driven solar radiation prediction models
were investigated for a region like Hakkari,
which has a high altitude and complex
topography. This high altitude causes rapid
temperature  fluctuations and significant
atmospheric pressure changes throughout the
day. These characteristics make solar radiation
modeling, particularly in Hakkari, a complex
but scientifically valuable problem.

e By comparing multiple machine learning
methods (XGBoost, RF, SVR, LR), algorithm
that gives the best performance was determined.

e Scientific comparison was made by testing LR,
SVR, RF and XGBoost models on the same data
set.

e The effects of environmental variables
including SD, TE, AP on solar radiation were
analyzed in detail.

The present work is organized as in the following:
Section 2 presents study area from which the dataset
was obtained, as well as the processing and
organization of the recorded dataset. This section
gives the basis for methods utilized to predict total
global GHI and details on the metrics used to
evaluate their performance. Section 3 presents the
general findings and discussions obtained from each
prediction model. Section 4 summarizes the main
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insights for work, and offers suggestions of future
studies in field of solar irradiance prediction.

2. MATERIALS AND METHODS (MATERYAL
VE METOD)

2.1.Organizing the Workspace and Dataset

(Calisma Alan1 ve Veri Setinin Diizenlenmesi)

The meteorological data for this work was
investigated through official correspondence from
station affiliated with General Directorate of
Meteorology (GDM) in Hakkari province, located
in the southeast of Turkey (37°34'28.2"N and
43°44'19.8"E) and includes daily measurements
between 2015 and 2022 [18]. The Hakkari region,
with its high altitude, harsh continental climate, and
variable atmospheric conditions, constitutes an
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important research area for solar irradiance
prediction. In that manner, it attracts attention of
many energy companies in terms of PV system
investments, and many investments are being made
for field of PV systems.

The dataset contains approximately 2,570 records,
and meteorological variables including mean TE
(°C), RH (%), WS (m/s), SD (hours), AP (hPa), and
daily total global solar radiation (kWh/m?) were
included in the study. These variables are
fundamental meteorological parameters that have
direct or indirect relationships with solar radiation
and are widely used in solar radiation prediction
models. They have sufficient density for data
quality and continuity. The temporal changes of the
parameters in the dataset across all years are shown
in Figure 1.
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Figure 1. Time series change graphs for all parameters (Tiim parametrelere ait zaman serisi degisim grafikleri)

Examining the graphs in Figure 1 reveals that while
the data set is generally consistent, the "0" value for
sunshine duration or radiation measurements on
some days is generally due to cloudy days.
Furthermore, amount of missing days for data is
quite limited, which will increase the accuracy of
the model. Missing or outlier values were analyzed
and removed before model training. However, days
with no GHI values were not excluded from the
data; they were corrected using appropriate padding
methods after statistical control.

Since meteorological time series contain serial
dependence, a time-based discrimination approach
was preferred instead of the classical random
splitting method. In this context, the periods
covering 2015-2020 were used as training and
validation data (approximately 2192 data points),
and the periods covering 2021-2022 were used as
testing data (approximately 378 data points). These
values indicate that approximately 85% of the
dataset was used for training and validation, while
the remaining 15% was used for testing. This
approach is compatible with the assumption that
models should learn from past data and predict
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future values. Most of the machine learning
methods are vulnerable to wvariable scaling.
Therefore: Although models such as RF and
XGBoost do not require scaling, in order for SVR
and LR models to provide more stable results, the
Min—Max Scaling method was applied and the data
were normalized. In this context, the data were
scaled within [0,1] with Min—Max normalization for
the SVR and LR models; no scaling was applied for
the RF and XGBoost models. The mathematical
equation for Min—Max normalization is shown in
Equation 1 [19-21].

p' = P_Pmin (1)

Pmax - Pmin

where P,,;,, and Py, show lower and upper values
in data set, respectively. P shows raw data to be
processed, P’ denotes normalized data.

2.2. Theoretical Foundations of the Model Used
(Kullanilan Modelin Teorik Temelleri)

2.2.1. LR (Dogrusal Regresyon)

It was used as the most basic comparative model. It
expresses the effect of independent variables on
solar radiation using a linear combination. Its
advantage is its simplicity and speed, but its
capacity to capture nonlinear relationships is
limited. The mathematical expression of this model
is shown in Equation 2.

m
Z:a0+2akuk+6 (2)
k=1

where z is variable that is dependent, & shows
parameter vector, u denotes independent variable, §
presents error of the model [22, 23].

2.2.2. SVR (Destek Vektdr Regresyonu)

SVR has capacity to capture nonlinear relationships
by transforming into high-dimensional spaces. SVR

can provide strong predictive performance,
especially when the relationships between input
variables are nonlinear. The RBF kernel was chosen
in this study. The model mathematical
representation can be shown as follows:

1
K(u, uj) = exp (— pu — uj2> 3)

where u, u; show vectors in input space. In other

words, they are feature vectors. ¢ is function
parameter of the RBF kernel [24, 25].

2.2.3. RF (Rastgele Orman)

RF is the method including huge amount for
decision trees. It is constructed utilizing samples of
data with random selection. It performs particularly
well on environmental and meteorological data [26—
28].

2.2.4. XGBoost

XGBoost presents the widely used decision-based
robust algorithm known for its efficiency and
flexibility [29]. The basic formulation of the model
is based on optimizing sequential trees to reduce
errors [30, 31].

Using the four different machine learning models
described above, comprehensive analyses were
conducted to improve the accuracy of daily total
GHI predictions. These analyses were implemented
for training both machine learning methods utilized
for evaluating results. Hyperparameter adjustments
were made to maximize model performance, and the
optimal hyperparameter set was determined for
each method. The selected hyperparameters
represent the values that provide the best prediction
performance for the respective models. Training
and testing were then conducted for verifying the
effectiveness for domain-specific test dataset. Table
1 presents the baseline hyperparameters of the four
different prediction models used in this study.

Table 1. Hyperparameters of the models (Modellerin hiperparametreleri)

Hyperparameter | LR SVR RF XGBoost
Normalize No - - R
Fit_intercept Yes - - -
Solver auto - - -
Kernel - RBF - _
C - 10 - R
Gamma - scale - -
Epsilon - 0.1 - -
Shrinking - True - _
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n_estimators - - 300 300
max_depth - - 6 6
learning_rate - - 0.05 0.05
colsample bytree | - - - 0.8

booster - - - gbtree
objective - - - squared_error

2.3.Model Performance Measures (Model
Performans Olgiitleri)

This section presents the metrics and their optimal
value ranges for evaluating the prediction models.
These metrics were used to determine the accuracy

of the data obtained by analyzing four methods
utilized for predicting daily total GHI. The
equations and optimal value ranges for the
performance metric criteria are shown in Table 2
[32-35].

Table 2. Details of performance evaluation criteria (Performans degerlendirme kriterlerinin ayrintilari)

Model Name Mathematical Equation Ideal Value Range
1 M
RMSE RMSE = - (Z (f, - fg)2> 0 < RMSE
k=1
L M
MAE MAE=MX<Z|ft—fg|> 0 < MAE
k=1 g

M —

R’ R?=1- (M) R? < %100
Zk=1(fg - fg)

where M shows total data amount, f; represents
computed or predicted solar irradiance, f; denotes
measured irradiance.

3. RESULTS AND DISCUSSION (BULGULAR
VE TARTISMA)

The purpose of this work is to obtain the effective
approach by comparing the performance of
algorithms predicting the daily total GHI using four
different machine learning methods, based on daily
meteorological measurements officially obtained
from the Hakkari Meteorological Station between
2015 and 2022. The comparison is presented in
Table 3.

Table 3. Comparison results of prediction models according to performance metric criteria (Tahmin
modellerinin performans metrigi kriterlerine gore karsilastirma sonuglar)

Model RMSE MAE R? R

LR 1.422 1.082 0.685 0.827
SVR 1.381 0.983 0.703 0.838
RF 1.491 1.061 0.654 0.808
XGBoost 1.509 1.094 0.646 0.803

When Table 3 is examined, the SVR model
produced the lowest error values with RMSE=1.381
and MAE=0.983; it also explained the largest
portion of the variance in solar radiation with
R?=0.703 and R=0.838 values. This result is an
indication of SVR's ability to effectively model
nonlinear relationships. Although the LR model
showed high performance with R>=0.685 and
R=0.827, it fell behind SVR due to the limitations

of linear assumptions. The RF and XGBoost models
exhibited lower results with R>=0.654 and
R?=0.646. The R values for these models were
calculated as 0.808 and 0.803. This results from the
fact that the GHI variable exhibits more continuous
and smoother change patterns. The direction and
magnitude of relations for meteorological
parameters used in study and daily total GHI are
shown in Figure 2.
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Figure 2. Correlation matrix for meteorological variables (Meteorolojik degiskenler igin korelasyon matrisi)

The color intensities in the correlation matrix shown
in Figure 2 represent correlation -coefficients
between -1 and +1, and the relationships between
GHI and meteorological inputs are particularly
critical for solar radiation prediction. The strongest
positive correlation with GHI is observed for the
sunshine duration variable. As sunshine duration
increases, the amount of radiation reaching ground
level naturally increases. The temperature variable
was found to exhibit a moderate positive correlation
with GHI. This is due to the fact that high
temperatures are generally associated with clear,
sunny weather conditions, and are associated with
increased solar radiation.

The relative humidity variable is negatively
correlated with the GHI. High humidity means more
water vapor in the atmosphere, leading to scattered
solar radiation and reduced radiation reaching the
surface. This finding suggests that the humidity
variable plays an indirect role in radiation

prediction. Wind speed appears to have a weak
correlation with the GHI. While wind does not have
a strong direct effect on radiation, a limited
correlation is observed due to its indirect effects on
atmospheric mixing and cloud movement. There is
a weak but positive correlation between
atmospheric pressure and the GHI. Since high
pressure generally indicates clear and stable
weather conditions, it is expected to be associated
with days with increased radiation values.

An overall evaluation of the correlation matrix
reveals that sunshine duration, temperature, and
time-based variables are the most effective inputs
for the prediction models. This also supports the
higher accuracy in study, as SVR can successfully
model nonlinear relationships and seasonal patterns.
Figure 3 depicts comparative distribution for actual
daily total GHI values and predicted values for four
different methods across time series.
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Figure 3. Comparison of actual and predicted daily total GHI for all models (Tiim modeller igin gergek ve
tahmin edilen giinliik toplam GHI’nin karsilastirilmast)
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In the graph shown in Figure 3, the "ideal predict
(y=x)" line represents the situation where model
predictions are equal to the true values. The
closeness of the model curves to this ideal line is an
indicator of prediction accuracy, and SVR produced
the curve closest to this line. While RF and
XGBoost produced a prediction curve farther from
the linear region, the LR model produced the
prediction distribution farthest from the ideal line.
This finding is consistent with the R, R?, MAE,
RMSE values presented in Table 3, supporting SVR
model as the most suitable method for this study.

When the models' behavior over time series is
evaluated, it is observed that the SVR model draws
a prediction curve closer to the actual values than
the other models. The SVR curve better captures the
actual trend, particularly in peak regions where high
radiation values are observed. This finding is

consistent with SVR delivering the highest
performance in terms of RMSE, R? and
consequently, the R value. LR model's prediction
curve is close to a horizontal line on the graph,
failing to capture the complex structure of the actual
values. This is an indication of the LR model's
limited linear representation ability. Therefore, the
LR model performed poorly for a parameter with
high variability such as GHI. While the RF and
XGBoost models followed the actual curve to a
certain extent during periods of volatility, they did
not respond as quickly to sudden changes as the
SVR. The prediction curves of both models exhibit
a flatter structure than the actual values, particularly
during peak periods when radiation values increase.
This can also be seen in the regression graphs of the
actual and predicted GHI values demonstrated in
Figure 4.

Total Predicted GHI (KWh'm?®)

Total Predicted GHI (KWh/m#)

Total Actual GHI (KWh/m?*)

-]

Total Predicted GHI (kWh/m?)
o

5]

Tuotal Predicted GHI (RWh/m?®)

of 777 ' ' XGBoost

Total Actual GHI (KWh/m?)

0 2 4 [ 8
Total Actual GHI (KWh/m?)

Figure 4. Regression graphs of actual and predicted GHI values (Gergek ve tahmini GHI degerlerine ait
regresyon grafikleri)
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In the regression graphs for each model in Figure 4,
the vertical axis shows the predicted daily total GHI
values, and the horizontal axis shows the actual
daily total GHI values measured by the
meteorological station. These graphs are based on R
values determined with the results of methods and
visually compare daily GHI prediction capabilities
for methods. An R value close to 1 is desirable,
indicating a clear linear relationship. Model
performance is directly proportional to density for
data around the ideal line (y=x).

In Figure 4, when the regression graph of the LR
model is examined, it is seen that this model exhibits
a more pronounced distribution compared to the
other models. Large deviations are observed,
especially in the low and medium-level daily total
GHI values. This indicates that the meteorological
data used as input parameters for LR are insufficient
to predict GHI. In the regression graph of the SVR
model, the distribution of data points is more
densely observed compared to LR. The SVR model
exhibits a more pronounced distribution, especially
at higher GHI values. SVR is sensitive to extreme
values and exhibits better fit than other models in
the medium GHI range.

The RF and XGBoost models present regression
plots where data points are concentrated at the
highest density along the line. However, the RF
model still exhibits an irregular distribution of data
at low GHI values, indicating that the model
produces higher uncertainty at low radiation levels.
In the XGBoost model, data points are observed to
be more tightly clustered around the line across the
entire GHI range. Due to its gradient boosting-based
structure, XGBoost is understood to have a high
capacity to capture complex patterns. Therefore,
XGBoost exhibits the highest accuracy performance
according to graphical evaluation. However, when
evaluated together with the results obtained with
performance metrics, it is observed that the RF and
XGBoost models achieve lower GHI prediction
success.

4. CONCLUSIONS (SONUCLAR)

In this study, a daily total GHI prediction was
performed using daily meteorological data from the
Hakkari Meteorological Station between 2015 and
2022. For this purpose, four different machine
learning models: LR, SVR, RF, and XGBoost were
comparatively evaluated. The performance of the
models was measured using RMSE, MAE, R?, and
R metrics, and the results revealed the main findings
of the study. The findings show that the SVR model
performed superiorly compared to the other models.

SVR successfully modeled the nonlinear nature of
solar radiation, particularly with low error rates

(RMSE=1.381, MAE=0.983) and average
coefficient of determination and correlation
(R>=0.703, R=0.838). Potential nonlinearity,

outliers in the dataset, and the flexibility provided
by SVR's kernel-based structure have contributed to
its superior performance in solar radiation
prediction compared to other models. Although the
LR model performed better than expected
(R?>=0.685, R=0.827), it was limited by the
nonlinear nature of the radiation data. The RF and
XGBoost models exhibited poor performance
because of limited sample amount in dataset, which
was measured in a region with high altitude and
variable meteorological conditions. Therefore, the
coefficient of determination and correlation
coefficient values of these models were calculated
as R>=0.654, R=0.808 and R?*=0.646, R=0.803,
respectively.

Another important result of the study is that
sunshine duration, temperature, and atmospheric
pressure are the most significant meteorological
factors affecting the GHI. This finding is consistent
with studies conducted in different climatic regions
in the literature and further confirms the critical
importance of these variables in solar radiation
modeling. In this context, findings of methods are
an effective tool for solar radiation prediction, even
in topographically and climatically challenging
regions like Hakkari. The present work presents
novelties in terms of assessment for solar energy
potential on Turkey's high-altitude regions and
serves as an important reference for regional energy
planning.
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