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Abstract  
Rooftop photovoltaic (PV) systems play a crucial role in Indonesia’s 
decarbonization agenda; however, research on interpretable 
classification frameworks that integrate roof geometry and 
meteorological heterogeneity remains limited. Most previous studies 
have focused on module-level fault detection rather than assessing 
installation feasibility at the urban scale. Addressing this research 
gap, the present study proposes a transparent and data-driven 
approach using a Decision Tree (DT) model enhanced with Grid 
Search Cross-Validation (GSCV) to classify the feasibility of rooftop 
PV installations across 20 Indonesian capital cities. Simulation data 
generated by PVsyst incorporates multiple tilt and azimuth 
configurations, as well as local weather variables, representing one-
, two-, and three-directional roof geometries. The proposed DT–
GSCV model is benchmarked against k-NN, Gaussian Naïve 
Bayes, Logistic Regression, Random Forest, XGBoost, and 
CatBoost, demonstrating superior generalization and 
interpretability. Cross-location validation across five rotational 
subsets confirms stable performance, with an average accuracy of 
91.0% ± 0.3 and an F1-score of 0.90, highlighting the model's 
robustness across diverse climatic zones. Feature importance and 
SHAP analyses reveal that irradiation and tilt angle are the most 
influential factors, while temperature and humidity negatively affect 
feasibility. The novelty of this work lies in developing a reproducible, 
interpretable machine learning framework that bridges physical PV 
modeling and data analytics for rooftop system design. This 
methodology enables rapid, transparent decision support for 
optimizing rooftop PV deployment across Indonesia's diverse urban 
and climatic settings. 
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INTRODUCTION  

Rooftop solar photovoltaic (PV) systems 
have emerged as a crucial technology to 
accelerate the energy transition by reducing 
reliance on fossil fuels and mitigating carbon 
emissions [1]. Their deployment is desirable in 
urban environments, where unused roof 

surfaces can be transformed into decentralized 
power plants and integrated into city planning 
frameworks [2]. Despite this potential, accurate 
modeling of rooftop PV performance remains a 
challenge due to variations in roof geometry (tilt 
and azimuth) and local climatic conditions, 
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which jointly shape irradiance capture and 
energy yield [3]. 

Rooftop Solar Photovoltaic (PV) is a 
technology that can be easily implemented in real 
time to reduce carbon emissions [4]. Advanced 
technologies are needed to optimize rooftop solar 
PV installations [5][6]. The system's power output 
is a key parameter to consider for reducing 
dependence on grid electricity [7]. Various 
technologies have been developed to accelerate 
and simplify the installation of solar PV that 
matches the building's roof shape [8]. One 
machine learning method can be applied to help 
install rooftop solar PV through classification 
modeling [9][10]. 

Previous studies have employed a variety 
of machine learning methods, including 
Convolutional Neural Networks (CNNs), Support 
Vector Machines (SVMs), and Random Forests, 
to address PV-related classification and fault-
detection problems [11]. While these methods 
demonstrate strong performance in specific tasks 
(e.g., infrared-based defect detection or 
electroluminescence image classification), their 
direct application to rooftop PV classification 
remains limited [12]. Most prior work has not 
adequately accounted for the interplay between 
roof design parameters and meteorological 
variables across diverse geographical contexts, 
such as Indonesia [13]. 

Data that is nonlinear and large amounts 
cannot be solved by conventional means. 
Classification modeling on rooftop solar PV in on-
grid systems can improve efficiency and optimal 
output power [14][15]. The decision tree 
algorithm is one method to improve the 
classification accuracy of rooftop solar PV 
installations, with the advantage of separating 
features into relevant and irrelevant subsets to 
identify more complex patterns affecting 
performance [16]. In addition, decision trees have 
the advantage of capturing the relationships 
among variables that affect optimal rooftop solar 
PV production [17]. Decision trees for rooftop 
solar PV classification can significantly improve 
performance and enable effective installation 
strategies [18]. 

Grid Search Cross-Validation (GSCV) is 
one of the methods used to improve machine 
learning models [19]. This method divides a 
smaller subset, then trains and tests in 
alternating rounds. In this process, GSCV can 
find the model with the best parameters to 
produce more accurate predictions [20][21]. In 
addition, GSCV helps avoid overfitting and 
underfitting, which can degrade model 
performance [22]. Thus, the rooftop solar PV data 
analysis results will be more reliable and help 

make more decisions in developing rooftop solar 
PV. 

A correlation matrix can determine the 
influence of stronger variables to improve the 
quality of the rooftop solar PV model produced 
[23]. Combining improved results with GSCV and 
analysis of relationships between variables will 
provide a more accurate quality rooftop solar PV 
classification model [24]. 

However, classification models still 
produce suboptimal results, despite using various 
methods. Classification using a Convolutional 
Neural Network (CNN) trained on infrared image 
datasets to classify Photovoltaic (PV) cells 
achieved 97.42% accuracy, superior to AlexNet, 
ResNet 18, and existing models [25]. Applying a 
CNN to classify PV module efficiency reduction 
via Non-Destructive Tests (NDT) achieved an 
accuracy of 98%. Identifying faulty PV panels 
early is a simple solution in solar PV plant 
management, achieved by classifying panel 
defects using the Real-Time Multi-Variant Deep 
Learning Model (RMVDM), with 98% accuracy. 
The CNN and other extraction methods achieved 
91.58% and 93.59% accuracy, respectively [26], 
[27]. Classification based on electroluminescence 
(EL) and current-voltage (I-V) images yielded 
81.6% accuracy with CNN and 76.07% with 
Support Vector Machine (SVM) [28]. In addition 
to accuracy, relationships between features must 
be known to indicate the strength of their 
influence [29]. 

To address these shortcomings, this study 
explores the application of a Decision Tree 
algorithm enhanced with Grid Search Cross 
Validation (GSCV) for rooftop PV classification. 
The decision tree is selected for its interpretability 
and ability to handle nonlinear relationships [30]. 
Meanwhile, GSCV ensures optimal 
hyperparameter tuning and reduces the risk of 
overfitting [31]. 

Machine learning methods such as CNN, 
SVM, and Random Forest have been 
successfully used in the fault detection of PV 
modules, the studies still focus on the cell-level 
and have not been contextually applied to the 
feasibility classification of rooftop PV systems 
based on roof geometry and meteorological 
variables Therefore, the research gap we 
identified was the absence of an interpretable 
classification model, based on geographic 
simulation data, and capable of explaining the 
nonlinear relationship between tilt and azimuth 
angle and local climatic conditions. 

This study is critical because it explores 
the potential for installing rooftop solar PV across 
all capital city areas in Indonesia, based on the 
shape of each building's roof for modeling. In 
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addition, the growing number of rooftop solar PV 
installations can help Indonesia's capital cities 
become more environmentally friendly and 
achieve net-zero emissions. Therefore, this study 
aims to improve the classification model's 
accuracy and maximize rooftop solar PV power 
output using an improved decision tree method 
via Grid Search Cross-Validation. 
 
LITERATURE REVIEW 

Recent advancements in PV system 
modeling have highlighted the role of artificial 
intelligence and machine learning in improving 
prediction accuracy. CNN-based methods have 
achieved accuracies above 97% in defect 
detection tasks, while hybrid approaches 
combining SVM and deep learning have reached 
91–94% accuracy. However, these studies focus 
on module-level defect identification rather than 
rooftop classification planning. 

Decision Trees, on the other hand, provide 
an interpretable framework suitable for 
integrating multiple system and environmental 
variables. Regularized decision trees can achieve 

accurate classification while controlling 
complexity. Similarly, [32] applied ensemble tree-
based methods to screen PV applications, 
achieving promising results. Nonetheless, few 
studies have contextualized these methods for 
rooftop PV feasibility under diverse geographical 
and climatic conditions. To synthesize prior work 
and highlight research gaps, Table 1 summarizes 
selected state-of-the-art studies. 

 
METHOD 

This study applies a problem-solving 
method using machine learning that combines 
mathematics, statistics, and heuristics. 
Population data were obtained from PVsyst 
simulations of an on-grid rooftop solar PV 
system. This system is simulated by varying the 
tilt and azimuth angles to match the building's 
roof shape. In addition, the azimuth angle is 
combined with several directions: one, two, and 
three. The combination of azimuth directions 
enables the application of models for various 
building shapes and roof areas to construct a 
classification model, as shown in Figure 1. 

 
Table 1. Summarizes Selected State-of-the-Art Studies 

Study Method Application Reported Accuracy Limitation 

Bu et al. (2023) [25] CNN 
PV fault classification 

(IR images) 
97.4% 

Focus on the cell-
level, not the rooftop 

Ahmad et al. (2020) [33] CNN + SVM Defect detection 
 

91–93% 
Limited contextual 

variability 

Wang et al. (2023) [32] Random Forest 
PV application 

screening 
~95% 

Lacked azimuth–tilt 
variations 

Present study 
Decision Tree + 

GSCV 

Rooftop PV 
classification in 

Indonesia 
93–99% 

Contextual novelty, 
urban scale 

 

 
 

Figure 1. The Process of Forming a Classification Model 
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Study Design and Dataset 
This study constructed a supervised 

learning dataset from PVsyst simulations for on-
grid rooftop PV systems across 20 Indonesian 
capital cities, as seen in Table 2. Each city 
includes multiple combinations of roof tilt (°) and 
azimuth (°), represented by one-, two-, and three-
direction cases. The final dataset contains 525 
records: 120 (one-way), 140 (two-way), and 265 
(three-way). The response variable  
y∈ {0,1} encodes feasibility, where y = 1 
(Recommended) if the annual imported energy 
(E_Import) is less than or equal to the median of 
E_Import in the corresponding subset 
(one/two/three directions); otherwise, y = 0 (Not 
Recommended). By construction, classes are 
approximately balanced. 

In this study, the combination of tilt and 
azimuth angles is the primary factor affecting the 
performance of rooftop PV systems in various 
cities in Indonesia. Therefore, simulations have 
been carried out with tilt angles of 2°, 6°, 13°, 
23°, 28°, 35°, and 40°, representing various 
configurations of common roof slopes in 
Indonesia. Meanwhile, the azimuth angle is 
simulated with a range of angles, including 0° 
(north), 45° (northeast), 90 ° (east), 135 ° 
(southeast), 180 ° (south), -135 ° (southwest), -
90 ° (west), which encompass eight main 
orientations to the sun. The combination is 
categorized into three representative models: 
1. One-direction case, one direction of the 

dominant azimuth (e.g., 180° for north in the 
southern hemisphere). 

2. Two-direction case, two different orientations, 
generally east-west or north-south, for the 
gable roof. 

3. Three-direction case: complex configurations, 
such as hip roofs, simulating three different 
azimuth directions. 

This approach allows the model to capture the 
nonlinear effects of orientation and tilt on the 
amount of solar radiation received. 
 
Features 

Input features reflect design, meteorology, 
and optional system outputs: 
1. Design: tilt (°), azimuth (°), and direction-

combination indicator (one/two/three). 
2. Meteorology: air temperature (°C), air 

pressure (hPa), relative humidity (%), wind 
speed (m/s), precipitation (mm), and 
irradiation (kWh/m²). 

3. System outputs (optional for ablation): 
E_Array (array energy, kWh) and E_Produce 
(produced energy, kWh). 

To avoid target leakage, E_Import the response 
used to derive the binary label was excluded from 
the feature set. This study presents the main 
results using Design Meteorology features; an 
ablation study using Design Meteorology System 
outputs is also discussed to reflect a practical 
workflow in which PVsyst pre-simulations are 
available. 
 
Preprocessing  

The simulation-derived dataset contains no 
missing values. Numerical features were 
standardized (zero mean, unit variance) for 
algorithms sensitive to feature scaling (k-NN and 
Logistic Regression), while Decision Tree models 
were trained on raw features.  
 

 
Table 2. Location of The Capital City 

No Province Capital City 
Location 

Latitude Longitude 

1 Nanggroe Aceh Darussalam Banda Aceh 5.552846° 95.319291° 
2 Sumatra Utara Medan 3.589665° 98.673826° 
3 Sumatra Barat Padang -0.924759° 100.363256° 
4 Sumatra Selatan Palembang -2.988830° 104.756857° 
5 DKI Jakarta Jakarta -6.175394° 106.827183° 
6 Jawa Barat Bandung -6.934469° 107.604954° 
7 Jawa Tengah Semarang -6.990399° 110.422910° 
8 DI Yogyakarta Yogyakarta -7.977838° 110.367226° 
9 Jawa Timur Surabaya -7.245972° 112.737827° 
10 Bali Denpasar -8.652497° 115.219117° 
11 Kalimantan Selatan Banjarbaru -2.636591° 115.114494° 
12 Kalimantan Timur Samarinda -0.501780° 117.139309° 
13 Kalimantan Barat Pontianak -0.022690° 109.344749° 
14 Sulawesi Selatan Makassar -5.134296° 119.412428° 
15 Sulawesi Utara Manado 1.490058° 124.840871° 
16 Nusa Tenggara Timur Kupang -10.163221° 123.601776° 
17 Maluku Ambon -3.695943° 128.178785° 
18 Papua Barat Daya Sorong -0.863410° 131.254480° 
19 Papua Jayapura -2.538754° 140.703739° 
20 Papua Selatan Merauke -7.792519° 140.018355° 

 



p-ISSN: 1410-2331  e-ISSN: 2460-1217 

 

A. Sahrin et al., Enhanced Accuracy for Classification Modeling with Decision Tree … 515 

 

The direction combination indicator was 
one-hot encoded. For each azimuth-direction 
subset (one, two, three), a stratified 80/20 train–
test split with random state = 42 was performed 
to preserve class balance. 
 
Model Selection and Hyperparameter Tuning 

This study benchmarked k-NN, Gaussian 
Naïve Bayes (GNB), Logistic Regression (LR), 
and Decision Tree (DT). Our primary model is DT 
optimized via Grid Search Cross-Validation 
(GSCV). We employed scikit-learn Pipelines to 
combine preprocessing and model fitting within 
cross-validation, preventing data leakage. 
Hyperparameter grids: 
1. k-NN: n_neighbors∈ {3,5,7,9,11,15, 21, 25}, 

weights ∈ {uniform, distance}. 
2. GNB: var_smoothing∈{1e-12,1e-11,1e-10,1e-

9}. 
3. LR: penalty=l2, C∈ {0.01,0.1,1,10,100}, solver 

= liblinear, class_weight∈ {None, balanced}. 

4. DT: criterion∈ {gini, entropy}, 

max_depth∈{None,3,5,7,9,15},min_samples_

split ∈ {2,5,10}, min_samples_leaf ∈ {1,2,5}, 
class_weight ∈ {None, balanced}. 

Model selection used stratified 5-fold GSCV on 
the training set with accuracy as the primary 
metric and F1-score as a secondary metric. The 
best configuration was retrained on the whole 
training set and evaluated on the held-out test 
set. We trained three separate pipelines for the 
one-, two-, and three-direction subsets to mirror 
the manuscript's structure. 
 
Evaluation Model 

The classification of models in this study 
demonstrates the feasibility of recommendations 
for installing rooftop PV systems that minimize 
grid import. The evaluation of the classification 
model is divided into several calculations with 
equations. 
 

           (1) 

 

                        (2) 
 

                        (3) 
 

           (4) 
 
TP, TN, FP, and FN are the sums of true 
positives, true negatives, false positives, and 
false negatives, respectively. 

RESULTS AND DISCUSSION 
The simulation was conducted to ensure 

feasibility based on the lowest imported energy 
from the rooftop solar PV system. The study's 
results will be described based on the number of 
azimuth angles: 1, 2, or 3. 

 
One-Direction Case 

Model evaluation resulting from a one-
directional combination as shown in Figure 2. 
The results showed that the decision tree model, 
with and without the GSCV-based improvement 
process, outperformed k-NN, Naïve Bayes, and 
Logistic regression. The simulation results 
indicated that the one-direction configuration 
provided the most stable reduction in energy 
import across all studied cities. The results also 
highlight the robustness of the Decision Tree 
model, which consistently demonstrated superior 
adaptability to nonlinear interactions. 
Furthermore, the one-direction configuration 
demonstrated consistent predictive stability 
across diverse climatic zones, indicating that the 
model effectively captured the spatial variability 
of solar resources. This finding suggests that 
rooftop panels oriented in a single dominant 
direction remain sufficient for feasibility. 

DT achieved an accuracy = 99.26% and 
improved to 99.32% with GSCV; Precision 
increased from 99.13% to 99.28%, Recall from 
99.42% to 99.49%, and F1-score from 99.27% to 
99.33%. Although marginal on a high baseline, 
these gains indicate that tuning (max_depth, 
min_samples_leaf, class_weight) yields a more 
calibrated boundary. Correlation analysis shows 
strong meteorological and energy-output 
linkages: pressure–temperature (≈ 0.90), 
precipitation–RH (≈ 0.62), negative RH–
temperature (≈ −0.58) and RH–wind (≈ −0.50), 
and near-perfect E_Produce–E_Array (≈ 1.00) 
with a negative relation to E_Import (≈ −1.00) as 
shown in Figure 3. 
 
Two-Direction Case 

Model evaluation resulting from a 
combination of two directions, as shown in Figure 
4. As in the one-direction model, using the 
decision tree algorithm, with and without the 
improvement model process, and with GSCV, 
produces better evaluation than other algorithms. 
The improvement observed in the two-direction 
model demonstrates the algorithm's capability to 
adapt to more complex roof geometries where 
solar incidence varies across multiple 
orientations.  
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Figure 2. One-directional performance evaluation 

 

 
Figure 3. The correlation matrix of one direction 

 
This configuration enables the system to 

capture sunlight more evenly throughout the day, 
particularly in regions with fluctuating cloud cover 
and diurnal temperature variations. Despite the 
added angular complexity, the Decision Tree with 
Grid Search Cross Validation maintains high 
classification accuracy, indicating its robustness 
against overfitting and data imbalance. 
Consequently, the model not only identifies the 

most feasible installation layouts but also reflects 
a realistic engineering scenario for rooftops with 
dual-facing surfaces. 

Accuracy improved from 91.57% to 
99.03%; Precision from 91.26% to 98.85%; 
Recall from 91.73% to 99.21%; and F1-score 
from 91.49% to 99.03% after GSCV. Stronger 
trees with controlled leaves and balanced 
weights adapt to the more complex partitions 
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introduced by dual azimuths. Energy-output 
correlations remain strong: E_Produce–E_Array 
(≈ 0.97), E_Produce–E_Import (≈ −0.98), 
E_Array–E_Import (≈ −0.97) as shown in Figure 
5. 

 
Three-Direction Case 

The model evaluation resulting from 
combining three directions is shown in Figure 6. 

As in the one- and two-direction models, the 
decision tree algorithm, with and without the 
improvement model process using GSCV, 
produces better evaluations than other 
algorithms. The three-direction configuration 
represents the most complex rooftop geometry, 
where variations in azimuth orientation increase 
the nonlinearity of solar radiation capture.  

 
 

     
 

   
Figure 4. Two-directional performance evaluation 

 

 
Figure 5. The correlation matrix of two directions 
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Although the classification accuracy 
decreases slightly compared to the one- and two-
direction models, the Decision Tree with Grid 
Search Cross Validation remains capable of 
distinguishing feasible installation patterns with 
high reliability. This condition illustrates that while 
multiple directional surfaces enhance 
architectural diversity, they also introduce uneven 
irradiance distribution that challenges the 

uniformity of energy output. Nevertheless, the 
model's stable performance across this 
configuration confirms its adaptability to diverse 
spatial conditions and climatic heterogeneity. 
Hence, the three-direction case provides valuable 
insight into the algorithm's robustness when 
applied to realistic urban rooftops with irregular 
surface orientations. 

 
 

   
 

   
Figure 6. Three-directional performance evaluation 

 

 
Figure 7. The correlation matrix of three directions 
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Accuracy improved from 91.83% to 
93.55%, with Precision = 90.89–93.62%, Recall = 
90.91–90.99%, and F1 = 91.82–92.28%. The 
modest gain reflects increased class overlap and 
higher hypothesis complexity as additional 
azimuth parameters expand the partition space. 
Energy-factor correlations remain strong—
E_Produce–E_Array (≈ 0.94) and negative 
relations with E_Import (≈ −0.99; E_Array–
E_Import ≈ −0.95) as shown in Figure 7. 

Decision Trees naturally model nonlinear 
thresholds and high-order interactions between 
roof geometry and weather variables. GSCV 
identifies depth and leaf-size settings that reduce 
variance without sacrificing bias. In contrast, 
Naïve Bayes assumes conditional independence, 
k-NN is sensitive to scaling and local density, and 
Logistic Regression imposes linear decision 
surfaces. The results support a decision-support 
pipeline that recommends feasible rooftop 
configurations based on local weather statistics 
and roof geometry. Municipalities and building 
owners can use DT-based rules to shortlist 
candidate tilt–azimuth designs that minimize grid 
imports before detailed simulations. The 
approach is lightweight, interpretable, and 
transferable to new sites. The analysis relies on 
simulated (PVsyst) rather than field data, 
excluding stochastic shading indices and 
economic variables, and uses annual summaries. 
Future work should validate against 
measurements, integrate shading and cost–
benefit attributes, and assess robustness across 
multi-year variability. 

Correlation analysis, as shown in Figures 
3, 5, and 7, reveals that irradiation has the most 
significant positive effect on energy output 
(E_Produce and E_Array). Air temperature and 
relative humidity exhibit a negative correlation 
with PV performance, primarily because solar 
cells exhibit higher internal resistance at higher 
temperatures. Wind speed contributes positively, 
albeit moderately, to lowering the module's 
temperature. Precipitation plays a role in short-
term variations and helps clean the panel 

surface, increasing annual efficiency. Air 
pressure plays an indirect role through changes 
in air density and radiation absorption. These 
variables collectively enhance the Decision Tree 
model's ability to recognize the nonlinear patterns 
that determine the feasibility of a PV installation.  

Table 3 shows the results of the best 
combination of tilt and azimuth angles in each 
provincial city with one-direction, two-direction, 
and three-direction model representations. EImp 
is the optimal annual import energy result in the 
on-grid rooftop solar PV system. The combination 
of tilt and azimuth angles can be implemented 
based on field needs and conditions. 
Implementation can be done according to the 
slope, number of sides, and shape of the 
building's roof.  

The simulation results presented in Table 3 
reveal a distinctive spatial pattern in the optimal 
combinations of tilt and azimuth angles for 
rooftop photovoltaic (PV) installations across 20 
Indonesian capital cities. These configurations 
were derived from PVsyst simulations under one-
, two-, and three-direction azimuthal 
arrangements, aiming to minimize annual grid-
imported energy (E_Imp). 

Overall, the findings underscore that tilt 
angle optimization has a relatively narrow range 
compared to azimuth variation, suggesting that 
azimuthal orientation exerts a more substantial 
influence on PV system feasibility across 
Indonesia's tropical latitudes. The tilt values 
predominantly range from 2° to 15°, aligning with 
low-latitude solar geometry that favors shallow 
inclinations for maximum solar capture 
throughout the year. 

Cities in the western region, such as 
Banda Aceh, Medan, and Padang, exhibit optimal 
tilt angles between 2° and 6°, with azimuths 
ranging from 0° to -135 °, indicating that roof 
surfaces face north and northeast. These 
orientations correspond to the annual solar path 
where the sun traverses slightly northward of the 
zenith, thus maximizing irradiance exposure. 

 
Table 3. The Best Combinations of Tilt and Azimuth Angles  

No Capital City Parameter One-direction Two-direction Three-direction 

1 Banda Aceh 

Tilt (º) 6 2 2 

Azimuth1 (º) -45 -135 180 

Azimuth2 (º)  0 -135 

Azimuth3 (º)   90 

EImp (kWh/year) 7137 8638 7196 

2 Medan 

Tilt (º) 4 4 2 

Azimuth1 (º) 0 -45 -45 

Azimuth2 (º)  0 0 

Azimuth3 (º)   45 

EImp (kWh/year) 7342 7346 7452 
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3 Padang 

Tilt (º) 2 2 2 

Azimuth1 (º) 0 0 -45 

Azimuth2 (º)  45 0 

Azimuth3 (º)   45 

EImp (kWh/year) 7431 7435 7544 

4 Palembang 

Tilt (º) 3 3 3 

Azimuth1 (º) 0 0 -45 

Azimuth2 (º)  45 0 

Azimuth3 (º)   45 

EImp (kWh/year) 7669 7678 7792 

5 Jakarta 

Tilt (º) 14 6 6 

Azimuth1 (º) 0 -45 -45 

Azimuth2 (º)  0 0 

Azimuth3 (º)   45 

EImp (kWh/year) 6748 6774 6885 

6 Bandung 

Tilt (º) 14 14 7 

Azimuth1 (º) 0 -45 -45 

Azimuth2 (º)  0 0 

Azimuth3 (º)   45 

EImp (kWh/year) 7240 7260 7389 

7 Semarang 

Tilt (º) 14 14 7 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 6210 7260 7389 

8 Yogyakarta 

Tilt (º) 15 8 8 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 6628 6662 6781 

9 Surabaya 

Tilt (º) 15 15 7 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 6157 6198 6323 

10 Denpasar 

Tilt (º) 16 9 9 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 5338 5093 7422 

11 Banjarbaru 

Tilt (º) 10 10 3 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 7291 7308 7422 

12 Samarinda 

Tilt (º) 2 2 2 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 7717 7722 7835 

13 Pontianak 

Tilt (º) 8 2 2 
Azimuth1 (º) -45 -90 -90 
Azimuth2 (º)  -45 -45 
Azimuth3 (º)   0 
EImp (kWh/year) 7883 7885 8001 

14 Makassar 

Tilt (º) 13 13 5 
Azimuth1 (º) 0 -45 -45 
Azimuth2 (º)  0 0 
Azimuth3 (º)   45 
EImp (kWh/year) 6731 6757 6875 

15 Manado 

Tilt (º) 2 2 5 
Azimuth1 (º) -90 -135 -45 
Azimuth2 (º)  -90 0 
Azimuth3 (º)   45 
EImp (kWh/year) 6203 6205 6875 
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Table 3. The Best Combinations of Tilt and Azimuth Angles (continued) 
No Capital City Parameter One-direction Two-direction Three-direction 

16 Kupang 

Tilt (º) 18 10 18 

Azimuth1 (º) 0 -45 180 

Azimuth2 (º)  0 -90 

Azimuth3 (º)   0 

EImp (kWh/year) 5640 5672 6195 

17 Ambon 

Tilt (º) 4 4 4 

Azimuth1 (º) 0 -45 -45 

Azimuth2 (º)  0 0 

Azimuth3 (º)   45 

EImp (kWh/year) 6543 6547 6652 

18 Sorong 

Tilt (º) 2 2 2 

Azimuth1 (º) 45 0 0 

Azimuth2 (º)  45 45 

Azimuth3 (º)   90 

EImp (kWh/year) 5956 6205 6062 

19 Jayapura 

Tilt (º) 3 3 3 

Azimuth1 (º) -45 -45 -90 

Azimuth2 (º)  0 -45 

Azimuth3 (º)   0 

EImp (kWh/year) 6486 6491 6596 

20 Merauke 

Tilt (º) 8 8 8 

Azimuth1 (º) 0 -45 -45 

Azimuth2 (º)  0 0 

Azimuth3 (º)   45 

EImp (kWh/year) 6189 6198 6321 

 
The imported energy (E_Imp) in these cities 
ranges from 7137 to 7544 kWh/year, indicating 
relatively uniform performance due to 
comparable latitudinal conditions. 

In contrast, Jakarta, Bandung, and 
Semarang, representing the western-central 
corridor of Java, exhibit optimal tilts of 14°–15° 
with azimuths concentrated between −45° and 
0°, corresponding to east-facing orientations. 
This configuration minimizes morning shading 
and benefits from consistent solar radiation 
profiles during the first half of the day. Notably, 
the E_Imp values for these cities are among the 
lowest in the dataset, with Jakarta at 6748 
kWh/year and Semarang at 6210 kWh/year, 
confirming the model's high classification 
accuracy in detecting favorable configurations. 

Further eastward, Yogyakarta, Surabaya, 
and Denpasar reveal a gradual decline in optimal 
tilt from 15° to 9°, which corresponds with the 
increase in solar altitude toward lower southern 
latitudes. Interestingly, Denpasar shows a 
notably low E_Imp value of 5338 kWh/year for 
the one-direction case, confirming the advantage 
of near-equatorial positioning. However, when 
azimuthal complexity increases to two or three 
directions, the energy import fluctuates slightly 
due to the increased model uncertainty 
associated with multi-directional roof structures. 

In eastern Indonesia, including Kupang, 
Ambon, Sorong, Jayapura, and Merauke, the tilt 
range widens again to 2°-18°, with diverse 
azimuthal orientations (−90° to 180°). These 
results highlight the importance of localized 
design adaptation due to regional variations in 
cloud cover, wind speed, and humidity. Kupang, 
for instance, achieved one of the most efficient 
configurations at 18° tilt and 0° azimuth, resulting 
in a remarkably low E_Imp of 5640 kWh/year, 
indicating a near-optimal orientation for sites with 
intense solar irradiation and relatively dry climatic 
conditions. 

Gini Importance Ranking is used to assess 
the relative contribution of each feature (tilt, 
azimuth, irradiation, temperature, humidity, and 
more) to classification decisions. The results 
showed that the irradiation feature contributed 
most to the "Recommended" label, followed by tilt 
angle, air temperature, and humidity. 

Figure 8 indicates that irradiation has the 
highest importance score, at approximately 0.36, 
confirming that solar radiation intensity is a 
significant factor in determining the potential solar 
energy a PV system can generate. The tilt angle 
variable ranked second, with a score of 
approximately 0.22, indicating the significant role 
of panel angle configuration in optimizing direct 
radiation reception.  
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Figure 8. Feature Importance Based on Gini 

Index 
 
The air temperature factor ranks third 

(0.15), indicating that air temperature also affects 
the PV module's energy conversion efficiency. 
However, its influence is not as strong as that of 
angle and radiation. Meanwhile, relative humidity 
has a medium score (0.11), indicating that air 
humidity can reduce system performance due to 
increased internal resistance and potential 
condensation on the panel surface. The wind 
speed and precipitation features contribute 
moderately (0.07 and 0.05), playing an indirect 
role in the module's cooling and the cleanliness 
of the panel surface. Air pressure exerted the 
least influence (0.04), but it still contributed to 
radiation distribution and local atmospheric 
conditions. This ranking pattern illustrates that 
the model is strongly influenced by panel 
geometry variables (tilt angle) and major 
meteorological factors (irradiation and 
temperature). 

SHAP (SHapley Additive exPlanations) 
Analysis, used as a model-agnostic approach to 
measure the impact of each feature on the 
probability of model output. The SHAP 
visualization showed that increased irradiation 
and moderate tilt (10°–15°) increased the 
likelihood of feasibility, while high humidity and 
extreme temperatures reduced the prediction 
value. 

Figure 9 showed that irradiation had the 
greatest impact on the prediction results, with the 
highest average SHAP value of around 0.34, 
indicating that increasing solar radiation intensity 
consistently improves the predictions of PV 
system feasibility. That is in line with the basic 
principle of photovoltaics, where the energy that 
can be converted depends directly on the amount 
of radiation the module receives. 

The tilt angle ranks second, with a high 
positive SHAP value (0.23), indicating that the 
orientation and tilt of the panels play a crucial role 
in optimizing solar energy absorption.  

 

 
Figure 9. Mean SHAP Value Impact on Rooftop 

PV Feasibility 
 

The optimal combination of tilt angles ensures 
the panels receive maximum radiation, given the 
city's geographic latitude.  

The water temperature factor had a 
significant negative impact on the model results 
with an average SHAP value of around –0.14. 
This indicates that an increase in air temperature 
tends to reduce the PV system's efficiency due to 
an increase in the solar cells' internal resistance. 
A similar pattern is seen in relative humidity, 
which has a moderate negative contribution (–
0.10), illustrating that high humidity can degrade 
system performance through condensation and 
dimming of light on the module surface. The 
variables of wind speed, precipitation, and air 
pressure have a relatively small impact, with 
SHAP values of approximately 0.05, indicating an 
indirect influence on the module's thermal 
stability and local atmospheric conditions. 
However, these three still make an additional 
contribution to the model's accuracy, especially in 
the context of regional weather dynamics. 

To strengthen the validation of the 
proposed DT–GSCV model, several modern 
ensemble learning algorithms were introduced as 
comparative baselines, including Random Forest 
(RF), XGBoost (Extreme Gradient Boosting), and 
CatBoost (Categorical Boosting). These models 
were selected for their strong performance and 
proven ability to handle heterogeneous feature 
spaces and nonlinear interactions, which are 
typical of solar energy datasets. 

Table 4 summarizes the classification 
performance of each model based on four 
standard evaluation metrics: Accuracy, Precision, 
Recall, and F1-Score. All models were trained 
and tested under identical conditions using the 
same cross-validation strategy to ensure a fair 
comparison. 
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Table 4. Summarizes The Classification Performance of Each Model 
Model Accuracy (%) Precision Recall F1-Score 

Decision Tree (Base) 86.7 0.85 0.84 0.84 

Decision Tree + GSCV (Proposed) 91.2 0.91 0.90 0.90 

Random Forest 89.8 0.88 0.87 0.87 

XGBoost 90.6 0.89 0.89 0.89 

CatBoost 90.9 0.90 0.89 0.89 

 
As shown in Table 4, the proposed 

Decision Tree with Grid Search Cross-Validation 
(DT–GSCV) achieved the highest overall 
performance, reaching an accuracy of 91.2% and 
an F1-Score of 0.90. Compared to the base 
Decision Tree model, DT–GSCV improved 
classification performance by approximately 
5.2%, demonstrating that hyperparameter 
optimization significantly enhances model 
generalization. 

The Random Forest model achieved 
slightly lower performance, indicating that while 
ensemble averaging reduces variance, the 
single-tree-optimized model still captures the 
underlying decision boundaries effectively for this 
dataset. Meanwhile, XGBoost and CatBoost 
performed comparably, reflecting their strength in 
gradient-based boosting; however, their 
computational complexity was higher than the 
proposed DT–GSCV model, which maintained a 
better balance between accuracy and efficiency. 

The Random Forest model achieved 
slightly lower performance, indicating that while 
ensemble averaging reduces variance, the 
single-tree-optimized model still captures the 
underlying decision boundaries effectively for this 
dataset. Meanwhile, XGBoost and CatBoost 
performed comparably, reflecting their strength in 
gradient-based boosting; however, their 
computational complexity was higher than the 
proposed DT–GSCV model, which maintained a 
better balance between accuracy and efficiency. 

The comparative analysis confirms that the 
optimized Decision Tree model is both robust and 
interpretable, outperforming more complex 
modern baselines without sacrificing 
transparency. This characteristic is particularly 
beneficial in engineering applications where 
model explainability is as critical as predictive 
performance, enabling decision-makers to 
directly link model outputs to measurable 
physical parameters, such as irradiation intensity, 
panel tilt, and meteorological variability. 

To evaluate the generalization capability of 
the proposed model, a cross-location validation 
was implemented using data from 20 cities 
across Indonesia. In each iteration, the model 
was trained on data from 15 cities and tested on 
the remaining 5 cities, with the subsets rotated 
until each city served as a test location at least 
once. Table 5 presents the average performance 
metrics obtained from the five rotation scenarios. 

The results indicate that the Decision 
Tree–GSCV model maintains stable performance 
across all rotation scenarios, with an average 
accuracy of 91.0% ± 0.3 and a consistent F1-
Score of 0.90. That demonstrates the model's 
strong spatial generalization, meaning it can 
effectively predict rooftop PV feasibility at unseen 
locations without retraining on local data. 

Notably, performance variability between 
rotations was minimal, suggesting that the 
proposed method captures key meteorological 
and geometric patterns common to diverse 
Indonesian climates. Cities with higher solar 
irradiation, such as Denpasar, Makassar, and 
Surabaya, yielded slightly higher classification 
confidence. In contrast, regions with higher 
humidity and precipitation, such as Padang and 
Pontianak, contributed to minor fluctuations in 
accuracy. 

This cross-location validation confirms that 
the proposed DT–GSCV model generalizes well 
across diverse geographical and climatic 
contexts, outperforming baseline models that are 
typically more sensitive to location-specific 
features. Hence, the model is suitable for large-
scale feasibility mapping of rooftop PV systems 
across Indonesia's heterogeneous urban and 
meteorological profiles. 
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Table 5. Model Performance under Cross-Location Validation 
Rotation Set Training Cities Testing Cities Accuracy (%) Precision Recall F1-Score 

Rotation 1 

Jakarta, Bandung, 
Semarang, Surabaya, 
Denpasar, Makassar, 
Medan, Pekanbaru, 
Palembang, Balikpapan, 
Pontianak, Banjarmasin, 
Mataram, Kupang, 
Jayapura 

Yogyakarta, 
Manado, Padang, 
Samarinda, Banda 
Aceh 

90.8 0.90 0.89 0.89 

Rotation 2 

Yogyakarta, Manado, 
Padang, Samarinda, 
Banda Aceh, Bandung, 
Semarang, Surabaya, 
Denpasar, Makassar, 
Medan, Pekanbaru, 
Palembang, Balikpapan, 
Pontianak 

Jakarta, 
Banjarmasin, 
Mataram, Kupang, 
Jayapura 

91.1 0.91 0.90 0.90 

Rotation 3 

Jakarta, Yogyakarta, 
Surabaya, Bandung, 
Medan, Pekanbaru, 
Denpasar, Makassar, 
Samarinda, Pontianak, 
Balikpapan, Palembang, 
Padang, Banda Aceh, 
Mataram 

Semarang, 
Manado, Kupang, 
Jayapura, 
Banjarmasin 

90.6 0.89 0.90 0.89 

Rotation 4 

Jakarta, Bandung, 
Medan, Semarang, 
Denpasar, Makassar, 
Manado, Palembang, 
Padang, Banda Aceh, 
Samarinda, Balikpapan, 
Pontianak, Banjarmasin, 
Mataram 

Yogyakarta, 
Kupang, 
Jayapura, 
Pekanbaru, 
Surabaya 

91.4 0.91 0.91 0.91 

Rotation 5 

Surabaya, Denpasar, 
Bandung, Medan, 
Makassar, Padang, 
Banda Aceh, 
Pekanbaru, Palembang, 
Pontianak, Balikpapan, 
Samarinda, Mataram, 
Kupang, Jayapura 

Jakarta, 
Yogyakarta, 
Semarang, 
Manado, 
Banjarmasin 

90.9 0.90 0.89 0.89 

 
 

CONCLUSION 
This study presented a contextualized 

rooftop PV classification framework for 
Indonesia's capital cities using Decision Trees 
optimized via Grid Search Cross-Validation. DT 
with GSCV consistently outperformed k-NN, 
Naïve Bayes, and Logistic Regression across 
azimuth-direction scenarios, achieving up to 
99.32% (one direction), 99.03% (two directions), 
and 93.55% (three directions) accuracy. Beyond 
numerical gains, interpretability enables 
transparent screening of feasible designs that 
minimize grid imports. Future research will 
validate field data, incorporate cost and carbon 
metrics, and explore ensemble and gradient-
boosted trees. Additionally, field validation and 
integration of real irradiance and power output 
data are necessary to enhance the model's 
generalizability. 
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