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Abstract

This study proposes an integrated framework for predicting household electricity
consumption and solar photovoltaic (PV) generation by combining user behavior and weather
data. Meteorological data from BMKG Banjarbaru and household survey data were utilized,
incorporating behavioral variables such as appliance usage frequency, watt meter capacity,
and household characteristics. A comparative analysis was conducted using multiple models,
including Linear Regression, Support Vector Machine (SVM), K-Nearest Neighbors (KNN),
Decision Tree Regression (DTR), Convolutional Neural Network (CNN), and Long Short-Term
Memory (LSTM). In addition, a hybrid CNN-LSTM model was developed to enhance
prediction performance for solar PV generation. Model evaluation was performed using MAE,
RMSE, and MAPE under different data split scenarios (70:30, 80:20, and 90:10). The results
show that the hybrid CNN-LSTM model achieves consistent and accurate performance in
predicting solar PV generation, while Linear Regression provides stable and interpretable
results for household energy consumption. From a behavioral perspective, electricity usage
is primarily influenced by usage related factors rather than demographic characteristics. This
study contributes by integrating demand side and supply side prediction into a unified
framework for energy management. The findings reveal that energy supply is more
predictable due to environmental factors, while energy demand is strongly influenced by user
behavior. This integrated perspective provides practical insights for improving decision-
making and supporting sustainable energy management.

Keywords: Energy Consumption, Energy Management, Hybrid CNN-LSTM, Integrated
framework, Machine Learning, Renewable Energy, Solar PV Prediction, User Behavior
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Introduction

The rapid growth of global energy demand, driven by population expansion, urbanization,
and increased reliance on electrical technologies, has intensified concerns regarding energy
sustainability and efficiency. The residential sector, in particular, represents a significant
share of total electricity consumption, with usage patterns becoming increasingly complex
due to evolving lifestyles and technology adoption (Nacht et al., 2023; Ye et al., 2023). At the
same time, global efforts to transition toward low carbon energy systems have accelerated
the deployment of renewable energy sources, especially solar photovoltaic (PV) systems, as
a viable solution to reduce greenhouse gas emissions and dependence on fossil fuels (Abd
Aziz & Ahmad, 2024; Taweekul, 2020).

Despite these advancements, the integration of renewable energy into household energy
systems presents substantial challenges. One of the primary issues is the intermittent and
weather dependent nature of solar PV generation. Variations in solar radiation, temperature,
and atmospheric conditions introduce significant uncertainty into energy production, making
accurate forecasting a non-trivial task Xie et al. (2021). Concurrently, electricity consumption
at the household level is not only influenced by external environmental factors but also
strongly shaped by user behavior, including daily routines, appliance usage patterns, and
occupancy dynamics (Ingo et al., 2024; Jalal et al., 2024; Mahmood et al., 2020; Proedrou,
2021; Sayed, 2024). This dual uncertainty from both supply and demand sides necessitates
more comprehensive and adaptive forecasting approaches.

In response to these challenges, predictive artificial intelligence and machine learning
techniques have increasingly been utilized to support energy management and forecasting
applications to energy prediction problems. A wide range of models, including Linear
Regression (LR), Support Vector Machine (SVM), K Nearest Neighbors (KNN), Decision Tree
Regression (DTR), Convolutional Neural Networks (CNN), and Long Short-Term Memory
(LSTM) networks, have demonstrated promising capabilities in modeling complex
relationships within energy datasets (lkhsan et al., 2026; Mustageem et al., 2021). Traditional
statistical approaches offer interpretability and simplicity, while advanced deep learning
models are particularly effective in capturing nonlinear patterns and temporal dependencies
inherent in energy consumption and generation data (lkhsan et al., 2026; Talib & Croock,
2023).

However, existing studies reveal that no single model consistently achieves superior
performance across varying datasets and conditions. This limitation has led to the emergence
of hybrid modeling approaches, which integrate multiple algorithms to leverage their
complementary strengths. Hybrid Al models have been shown to improve prediction
accuracy, robustness, and generalization, particularly in handling multivariate and highly
dynamic data environments (lkhsan et al., 2026; Jamil et al., 2025 & Mustageem et al., 2021).
A systematic literature review conducted by the author further confirms that hybrid
approaches outperform standalone models in most energy forecasting scenarios, especially
when both environmental and behavioral variables are involved (lkhsan et al., 2026).

Beyond methodological improvements, there is an increasing recognition of the critical role

of user behavior in shaping energy consumption patterns. Recent studies emphasize that
incorporating behavioral variables can significantly enhance model performance while also
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providing actionable insights for energy management (Nacht et al., 2023; Ye et al., 2023). The
author’s previous research on household electricity consumption behavior similarly
demonstrates that consumption patterns can be effectively characterized and predicted
based on user habits and usage trends (lkhsan et al., 2026). Nevertheless, many existing
models still overlook behavioral dimensions or treat them as secondary factors, limiting their
practical applicability in real world energy management contexts.

Furthermore, a notable gap in the literature is the lack of integrated frameworks that
simultaneously address both energy consumption (demand side) and solar energy generation
(supply side). Most prior studies focus on either consumption forecasting or renewable
energy prediction in isolation. This fragmented approach reduces the potential for developing
comprehensive decision support systems capable of optimizing energy usage and renewable
integration at the household level (Almughram et al., 2022; Sunder et al., 2024).

Beyond prediction accuracy, the integration of energy consumption and renewable energy
forecasting has significant implications for sustainable energy management and decision
making (Almughram et al., 2022; Ikhsan et al.,, 2026; Sievers & Blank, 2023). Accurate
estimation of household electricity demand and solar PV generation can support
policymakers, utility providers, and households in optimizing energy usage, improving
renewable energy integration, and reducing operational uncertainty. In addition,
understanding the interaction between environmental conditions and user behavior is
essential for developing adaptive and intelligent residential energy systems (Nacht et al.,
2023; Y. Xie & Mohd Noor, 2022). Therefore, an integrated forecasting framework is not only
technically important but also practically beneficial for supporting energy efficiency and long-
term sustainability strategies.

To address these limitations, this study proposes a hybrid artificial intelligence framework
that integrates weather based solar PV prediction with user behavior-based electricity
consumption modeling. The study utilizes meteorological data obtained from BMKG in
Banjarbaru, Indonesia, combined with household electricity consumption data collected
through field observations. Multiple machine learning and deep learning models are
implemented and comparatively evaluated, followed by the development of a hybrid model
to enhance predictive performance.

This study makes three key contributions. (i), it introduces an integrated modeling framework
that simultaneously captures both energy supply and demand dynamics. (ii), it explicitly
incorporates user behavior as a core variable in improving prediction accuracy and
interpretability. (iii), it provides practical implications for energy management by enabling
more accurate estimation of household energy needs and optimal solar PV system sizing. By
bridging the gap between Al based forecasting and behavioral energy analysis, this research
contributes to the development of more adaptive, sustainable, and behavior aware
residential energy management systems.

Literature Review

Literature Search Strategy

To obtain relevant and up to date references, this study adopts a structured literature search
strategy focusing on energy prediction, solar photovoltaic (PV) forecasting, artificial
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intelligence, and user behavior. The literature was collected from several major academic
databases, including Scopus, Web of Science, and Google Scholar, which are widely
recognized for indexing high quality peer reviewed publications (lkhsan et al., 2026).

The search process was conducted using a set of predefined keywords related to the research
topic. These keywords were grouped into several categories, including energy consumption,
solar PV forecasting, artificial intelligence, hybrid models, and user behavior. The complete
list of keywords used in this study is presented in Table 1.

Table 1

Literature Search Keywords

Category Keywords

Energy energy consumption prediction; household electricity usage; load
Consumption forecasting

Solar PV solar PV prediction; photovoltaic forecasting; solar energy
Forecasting generation

Artificial machine learning; deep learning; artificial intelligence

Intelligence

Hybrid Models hybrid Al; CNN LSTM; ensemble learning

User Behavior user behavior; electricity usage behavior; energy consumption

patterns

To improve the relevance of the search results, Boolean operators such as AND and OR were
applied to combine different keywords. For example, combinations such as “solar PV
forecasting AND machine learning” and “energy consumption AND user behavior AND
prediction” were used to retrieve more targeted studies (Hadzaman et al., 2022; Ikhsan et al.,
2026; Nacht et al., 2023; Sievers & Blank, 2023; Talib & Croock, 2023; C. Xie et al., 2021).

The selected literature was then screened based on its relevance to the research objectives,
focusing on studies that apply machine learning or deep learning methods for energy
prediction. Priority was given to recent publications and peer reviewed journal articles to
ensure the quality and credibility of the references (lkhsan et al., 2026; Sievers & Blank, 2023).

Study Selection and Eligibility Criteria

Following the initial search, a multi stage screening process was conducted to ensure the
quality and relevance of the selected studies. Duplicate records were first removed, followed
by title and abstract screening to exclude studies that were not aligned with the research
objectives.

To further refine the selection, inclusion and exclusion criteria were defined. The inclusion
criteria consist of: (1) studies focusing on energy consumption prediction or solar PV
forecasting, (2) research applying machine learning or deep learning techniques, (3) articles
published in peer reviewed journals, and (4) studies discussing model comparison or hybrid
approaches. In addition, recent publications were prioritized to reflect current developments
in the field (lkhsan et al., 2026).
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Meanwhile, studies were excluded if they lacked methodological clarity, were not peer
reviewed, or were not directly related to energy prediction or behavioral analysis. This
process ensures that the final set of selected studies represents high quality and relevant
contributions to the research topic.

Taxonomy of Energy Prediction Research

Based on the selected literature, energy prediction research can be broadly categorized into
three main domains. The first category focuses on energy consumption prediction, which
primarily addresses the demand side by analyzing historical electricity usage and user related
variables. This approach emphasizes the role of behavioral and household characteristics in
determining energy demand.

The second category covers solar photovoltaic (PV) energy forecasting, which focuses on the
supply side by utilizing meteorological data such as solar radiation, temperature, and
humidity to estimate energy generation (Deng et al., 2023; Koukaras et al., 2024; Mustageem
etal., 2021; Razavi et al., 2020). This category is essential for understanding renewable energy
availability and its variability due to environmental conditions.

The third category involves hybrid and integrated approaches, which combine multiple
models and, in some cases, integrate both demand side and supply side perspectives. These
approaches aim to improve prediction accuracy by leveraging the strengths of different
methods and capturing complex relationships within the data (lkhsan et al., 2026). Figure 1
illustrates the simplified taxonomy of energy prediction research adopted in this study.

o Energy Consumption Prediction
" (Behavior based, household data)
Energy Prediction Research
| Solar PV Forecasting Hybrid Al Approaches
" (Weather based, environmental data) (ML + DL integration)

Figure 1 Taxonomy of energy prediction research based on demand side, supply side, and
hybrid approaches

Artificial Intelligence and Hybrid Models in Energy Prediction

Artificial intelligence has become a key enabler in modern energy forecasting. Various
machine learning and deep learning techniques have been applied to improve prediction
performance, particularly in complex and dynamic environments. While traditional models
offer ease of implementation, they often struggle to capture nonlinear and time dependent
relationships in energy data (Talib & Croock, 2023).

To address these limitations, hybrid modeling approaches have been introduced. These
approaches combine the strengths of different algorithms, allowing for better handling of
heterogeneous data and improving overall predictive performance. Previous studies have
shown that hybrid models consistently outperform standalone models, particularly when
dealing with multivariate datasets involving both environmental and behavioral factors
(Nacht et al., 2023; Sunder et al., 2024).
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The author’s previous systematic literature review further supports this finding, indicating
that hybrid Al models provide superior accuracy and robustness in energy forecasting
applications. This highlights the importance of combining multiple techniques to address the
complexity of real world energy systems (lkhsan et al., 2026).

Research Gap

Despite the extensive body of research in energy prediction, several limitations remain. First,
most studies focus on either energy consumption or solar energy generation independently,
with limited integration between demand side and supply side analysis (Nacht et al., 2023;
Sunder et al., 2024). This separation restricts the ability to develop comprehensive models
that reflect real world energy dynamics.

Second, although hybrid Al models have shown promising results, their application in
integrating user behavior with environmental variables is still limited. Many studies do not
fully incorporate behavioral factors, even though these variables play a critical role in shaping
energy consumption patterns (Bagdadee et al., 2025; lkhsan et al., 2026; Sievers & Blank,
2023; Sunder et al., 2024).

Third, there is a lack of research that connects prediction results with practical decision
making, particularly in the context of household energy management. Without such
integration, the applicability of prediction models in real world scenarios remains
constrained(Sievers & Blank, 2023).

This integrated approach is important not only for improving prediction accuracy but also for
supporting sustainable household energy management, renewable energy integration, and
practical decision-making in real world applications. Therefore, this study aims to address
these gaps by proposing an integrated hybrid Al framework that combines weather based
solar energy prediction and behavior-based electricity consumption modeling. This approach
is expected to provide more accurate predictions while also supporting practical decision
making in household energy management (lkhsan et al., 2026).

Methodology

Research Design

This study adopts a quantitative approach to predict household electricity consumption and
solar photovoltaic (PV) energy generation. The research integrates weather data and user
behavior variables to model energy demand and supply (Razavi et al., 2020).

Multiple machine learning and deep learning models are implemented and compared,
followed by the development of a hybrid model to improve prediction accuracy (lkhsan et al.,
2026). The study also evaluates model performance under different data split scenarios to
ensure robustness (Sievers & Blank, 2023; Ye et al., 2023).
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Data Collection

This study utilizes two main datasets:

(1) Household Energy and User Behavior Data

Household electricity consumption data are collected through field observations and
structured surveys(Bagdadee et al., 2025). The dataset represents monthly electricity usage
and includes behavioral and demographic variables, such as:

Average kWh/day

Watt meter capacity

Frequency of electronic usage
Number of lamps

Number of household members
Education level

Age

Non usage of electronic devices

Nk WN R

These variables are used to capture the influence of user behavior on energy consumption
patterns (Nacht et al., 2023).

(2)Meteorological Data

Meteorological data are obtained from BMKG Banjarbaru. The dataset includes key variables
affecting solar PV generation, such as temperature, humidity, and solar radiation. These
variables are widely recognized as critical factors influencing solar energy production
(Caminiti et al., 2024; Razavi et al., 2020; Sulaiman et al., 2024).

Data Processing
The collected data are processed through the following steps:
1. Data cleaning: removal of missing and inconsistent values (Sievers & Blank, 2023; Ye
et al., 2023)
2. Normalization: scaling of variables to ensure comparability (Almughram et al., 2022)
3. Aggregation: conversion of raw data into monthly consumption values (Deng et al.,
2023)

To represent general consumption behavior, the average value is calculated as:

I 1)
X = —Z X;
n i=1

This formula is used to calculate the arithmetic mean of a dataset. In the formula, the symbol
X (bar x) represents the mean value being calculated, while the letter n denotes the total
number of data points. The calculation is performed by summing all the individual values in
the data set represented by X;*, x; and then dividing that sum by the number of data points.
In short, this formula explains that the mean is the quotient of the total sum of all values
divided by the number of members in the set.

This step allows the identification of overall consumption trends across households (Abd Aziz
& Ahmad, 2024; Al-Haj Hussein et al., 2025; Azhar et al., 2022; Hadzaman et al., 2022; Ikhsan

et al., 2026; Sulaiman et al., 2024).
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Data Splitting Strategy
To evaluate model robustness, the dataset is divided into training and testing sets using three
different scenarios:

Tabel 2
Data Splitting
A B o
70:30 split 80:20 split 90:10 split

This approach ensures that the models are tested under different data proportions, allowing
a more reliable comparison of prediction performance (Almughram et al., 2022; Sunder et al.,
2024). The use of multiple split scenarios also reduces the risk of biased evaluation
results(Almughram et al., 2022; Ikhsan et al., 2026; Sunder et al., 2024).

Model Development

The study implements several predictive models, including:
1. Linear Regression (LR)

Support Vector Machine (SVM)

K-Nearest Neighbors (KNN)

Decision Tree Regression (DTR)

Convolutional Neural Network (CNN)

Long Short—-Term Memory (LSTM)

ouswWwN

These models are widely used in energy prediction studies due to their ability to model linear
and nonlinear relationships (lkhsan et al., 2026). Each model is trained using the prepared
dataset and evaluated based on its prediction performance.

Hybrid Model Approach

A hybrid model combining CNN and LSTM is developed to improve prediction accuracy for
solar PV generation. The hybrid CNN-LSTM model integrates spatial feature extraction from
CNN and temporal sequence learning from LSTM (lkhsan et al., 2026).

This combination enables the model to better capture complex patterns in weather data,
resulting in improved prediction performance compared to standalone models (lkhsan et al.,

2026).

Model Evaluation
Model performance is evaluated using standard error metrics:

— Mean Absolute Error (MAE)
1 Zn: | y ’
n Y= Vi

i=1

- Root Mean Square Error (RMSE)
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1% ?
RMSE = |~ (y; = 9
i=1
-~ Mean Absolute Percentage Error (MAPE)
n 4)

100% =9
MAPE = —= |y e
n Vi

=1

- Coefficient of Determination (R?)
Z:;l(yi —9)? 5)

R* =1- n _
2o (Vi = )2

The variables used in the equations are defined as follows: y_irepresents the actual observed
value, while y;denotes the predicted value generated by the model. The term y refers to the
mean of the observed values, and nindicates the total number of observations in the dataset.

MAE measures the average magnitude of prediction errors without considering their
direction, whereas RMSE emphasizes larger errors due to the squaring process. MAPE
expresses the prediction error as a percentage, making it easier to interpret across different
scales. Meanwhile, the coefficient of determination (R?) indicates how well the model
explains the variance in the observed data, with values closer to 1 representing better model
performance.

These metrics are commonly used to evaluate prediction accuracy and model performance
in energy forecasting studies (Deng et al., 2023; Koukaras et al., 2024; Mustageem et al.,
2021; Razavi et al., 2020).

Research Framework

The overall research process, including data collection, preprocessing, model development,
hybrid modeling, and evaluation, is illustrated in Figure 2. The framework highlights the
integration of weather data and user behavior in generating accurate predictions of energy
consumption and solar PV generation (lkhsan et al., 2026).
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Weather Data (Temperature, Humidity, Solar Radiation)
Household Energy Data (Monthly Consumption)

Input Data . )
User Behavior Data (Usage Frequency, Appliances, Occupancy)
Data Cleaning
Processing Normalization
Model Linear Regression (Consumption)

Development CNN - LSTM (Solar PV)

Data

L 70:30; 80:20; 90:10
Splitting

Model

] Evaluation (MAE, RMSE, MAPE, R?)
Evaluation

Energy Consumption Prediction
output Solar PV Prediction

Decision

Support Energy Management & Optimization

Figure 2 Research Framework

Results and Discussion

Data Overview

This study utilizes two primary datasets, consisting of meteorological data and household
energy consumption data. These datasets are integrated to support the development of
predictive models for both energy demand and solar photovoltaic (PV) generation.

The meteorological dataset includes key weather variables such as temperature, humidity,
and solar radiation obtained from BMKG Banjarbaru. Weather data were collected over a
seven year period, from January 2017 to December 2023, resulting in a total of 2,556 daily
data points. The data were obtained from areas surrounding the BMKG station within an
approximate radius of +10-20 km, ensuring that the environmental conditions are
representative of the study location. These data play a crucial role in modeling and evaluating
solar PV energy generation (Rahman et al., 2021).

The household energy dataset represents monthly electricity consumption collected through
field observations and structured online surveys using Google Forms. The survey was
conducted starting from 19 November 2023 and involved 113 households as primary
respondents. In addition to consumption data, the dataset includes several behavioral and
demographic variables, such as watt meter capacity, frequency of electronic usage, number
of lamps, number of household members, education level, and age. These variables are used
to capture user behavior patterns that influence electricity consumption(Dernouni et al.,
2024; Razavi et al., 2020).
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Overall, the dataset reflects both supply side factors (weather conditions affecting solar
energy generation) and demand-side factors (user behavior influencing electricity
consumption). This integration enables a more comprehensive analysis of energy systems at
the household level. The combination of these datasets provides a holistic representation of
real-world energy dynamics, allowing the models to capture interactions between
environmental conditions and user behavior (Jalal et al., 2024; Mahmood et al., 2020).

User Behavior Analysis

To better understand the determinants of household electricity consumption, a behavioral
analysis was conducted using descriptive statistics, correlation analysis, and regression
modeling. The results are presented in Table 3 and Table 4.

Descriptive Statistics of Respondents
The distribution of household characteristics, appliance usage, installed power capacity, and
monthly energy consumption is summarized in Table 3.

Table 3
Distribution of Household Demographics, Appliance Usage, Installed Power, and Monthly
Energy Consumption

Characteristic Classification Percentage
High School 17.7%
Last Education Diploma 17.7%
College 64.6%
1-2 People 18.58%
Number of People in the House 3-4 People 71.68%
5+ People 9.73%
10-20 Years Old 15.04%
Respondents' Age Range 21-30Years Old 16.81%
31-45Years Old 23.89%
Mild Scale 1-2 17.69%
Usage Habits of Electrical Appliances Medium Scale 3-5 72.56%
Heavy Scale 6-7 9.73%
900 Watt 41.59%
Installed Power Meters 1300 Watt 27.43%
2200 Watt 30.97%
Low: 0 - 300 kWh 46.90%
Total Energy Needed in 1 Month (kWh) Medium: 301 - 500 kWh 38.93%

High: 501 kWh and above 14.15%

Correlation Analysis
To examine the relationship between user behavior variables and electricity consumption, a
Pearson correlation analysis was performed. The results are presented in Table 4.
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Table 4
Pearson Correlation between Independent Variables and Monthly Electricity Consumption
Variable Avg k Watt_Me Freq_U N_la N_Peo Educati Age Not_
Wh ter se mp ple on Use
Avg_kWh 1.000 0.539 0.406 0.259 0.222 0.073 - -0.166
0.06
0
Watt_Meter 0.539 1.000 — - — - - -
Frequency_used_el 0.406 — 1.000 - - - - -
ectronic
N_lamp 0.259 — - 1.000 — — - -
N_People 0.222 — — - 1.000 - - -
Last_education 0.073 — — - - 1.000 - -
Rx_age -0.060 — - - - - 1.00 —
0
Not_used_electroni -0.166 — — - - - - 1.000

c

The analysis shows that watt meter capacity has the strongest positive correlation (0.539)
with electricity consumption, indicating that households with higher installed capacity tend
to consume more energy. This suggests that infrastructure availability plays a significant role
in shaping consumption patterns.

In addition, the frequency of electronic usage (0.406) demonstrates a strong influence on
energy consumption. Similarly, the number of lamps (0.259) and number of household
members (0.222) also contribute positively.

On the other hand, not using electronic devices (-0.166) shows a negative relationship,
indicating that reduced usage leads to lower consumption. Meanwhile, age (-0.060) and
education level (0.073) show minimal influence.

Regression Analysis
To further evaluate the combined effect of all variables, a multiple linear regression analysis
was conducted. The results are summarized in Tables 5 and 6.

Table 5

Model Summary
Model R R? Adjusted R? Std. Error of the Estimate
1 0.742 0.551 0.522 0.451

TABLE 6

ANOVA Results
Source Sum of Squares df Mean Square F Sig.
Regression 26.874 7 3.839 18.84 0.000
Residual 21.422 105 0.204
Total 48.296 112
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The regression model explains approximately 55.1% of the variation in monthly electricity
consumption (R? = 0.551). After adjustment, the explanatory power remains relatively strong
(Adjusted R? = 0.522), indicating a moderate model fit for household-level data. The ANOVA
results show that the model is statistically significant (F = 18.84, p < 0.001), indicating that
the independent variables jointly influence household electricity consumption.

Standardized Coefficient Analysis
The relative importance of each variable is further illustrated in Figure 3, which presents the
standardized regression coefficients.

Standardized Beta
Watt_Meter

Frequency_used_electronic
N_lamp

N_People

Last_education

Rx_age

Not_used_electronic

-0.300 -0.200 -0.100 0.000 0.100 0.200 0.300 0.400 0.500 0.600
Figure 3 Standardized regression coefficients of household electricity consumption
determinants

The results confirm that watt meter capacity and frequency of electronic usage are the most
influential variables, followed by the number of lamps and household size. These findings
reinforce that electricity consumption is primarily driven by behavioral and usage-related
factors, rather than demographic characteristics. Overall, the findings highlight that
household electricity consumption is predominantly influenced by behavioral patterns and
appliance usage intensity. This supports the integration of behavioral variables into predictive
models to improve accuracy and practical relevance (lkhsan et al., 2026; Jalal et al., 2024;
Mahmood et al., 2020).

Model Validation

To evaluate the robustness of the linear regression model for household energy consumption,
validation was conducted using three different data split scenarios: 90:10, 80:20, and 70:30.
The results are presented in Table 7.

Table 7

Regression Model Performance for Energy Consumption
Split Data RMSE MAE MAPE (%) R?
90:10 269.08 147.35 40.32 -0.015
80:20 225.18 130.00 40.71 0.008
70:30 203.93 121.61 65.49 0.158

The results indicate that the 70:30 split provides the best overall performance, with the
lowest RMSE (203.93) and MAE (121.61), as well as the highest R? value (0.158). This suggests
that the model performs more effectively when a larger portion of data is allocated for
testing, allowing better generalization.
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In contrast, the 90:10 split shows the weakest performance, with the highest RMSE (269.08)
and a negative R? value (-0.015), indicating that the model fails to adequately explain the
variance in the data. This may be attributed to overfitting due to the limited size of the testing
dataset.

The 80:20 split demonstrates moderate performance, with improvements in RMSE and MAE
compared to the 90:10 split, but still limited explanatory power (R? = 0.008). Overall, these
results suggest that while linear regression can capture general consumption patterns, its
ability to model complex relationships remains limited. This further justifies the need for
more advanced models in energy prediction, particularly for capturing nonlinear patterns
(Jalal et al., 2024; Mahmood et al., 2020).

Meteorological Data

This study utilizes meteorological data as the primary input for solar photovoltaic (PV) energy
prediction. The dataset includes key weather variables such as temperature, humidity, and
solar radiation obtained from BMKG Banjarbaru.

The data were collected over a period of seven years, from January 2017 to December 2023,
resulting in a total of 2.556 daily observations. These variables play a crucial role in
determining solar energy generation, as solar radiation directly affects energy output, while
temperature and humidity influence system efficiency and environmental conditions (Ikhsan
et al,, 2026; Ingo et al., 2024; C. Xie et al., 2021).

Prior to modeling, the meteorological data were preprocessed through data cleaning and
normalization to ensure consistency and improve model performance. Missing values and
anomalies were handled to maintain data quality, while normalization was applied to scale
the data within a comparable range.

Overall, the meteorological dataset provides a reliable representation of environmental
conditions affecting solar PV generation. This dataset serves as the foundation for developing
predictive models using machine learning and deep learning approaches, particularly CNN,
LSTM, and hybrid CNN-LSTM models.

Meteorological Data Analysis and Descriptive Statistics

To support solar photovoltaic (PV) energy prediction, meteorological data from the South
Kalimantan region were analyzed using descriptive statistics and correlation analysis. The
dataset includes key weather variables such as temperature, humidity, wind speed, wind
direction, solar radiation, rain rate, and solar energy potential. The summary of the average
values for each variable from 2017 to 2023 is presented in Table 8.
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Table 8
Average Meteorological Variables in South Kalimantan (2017-2023)
Year Temperature humidity Wind Wind Solar Radiation Rain  Solar energy
(C) (%) Speed Direction (kWh/m?/day) Rate potential
(m/s) (%) (mm) kWh/m?/day)
2017 28.01 88.47 4.77 183.57 4.80 7.85 5.55
2018 27.92 91.07 5.01 183.22 5.30 7.74 6.42
2019 27.83 89.41 4.76 168.19 5.90 5.55 7.53
2020 27.75 86.62 8.05 161.45 4.96 7.73 5.85
2021 25.42 84.69 3.32 174.99 5.06 10.48 5.12
2022 26.69 87.88 2.90 197.63 4,94 10.68 5.27
2023 25.39 88.38 2.71 183.18 5.67 9.99 6.52

The results indicate that the average temperature in the study area ranges from 25.39°C to
28.01°C, reflecting relatively stable tropical climate conditions. Humidity levels remain
consistently high, ranging from 84.69% to 91.07%, which is characteristic of humid equatorial
regions.

Wind speed varies between 2.71 m/s and 8.05 m/s, showing moderate variability across the
observation period. Solar radiation ranges from 4.80 to 5.90 kWh/m?/day, indicating
relatively stable solar exposure across the years.

The solar energy potential values range from 5.12 to 7.53 kWh/m?/day, suggesting that the
region has strong solar resource availability. These values represent estimated solar
irradiation derived from meteorological data, rather than the direct electrical output of
photovoltaic systems.

Rainfall values vary across the observation period, reaching up to 10.68 mm, which may
influence solar energy availability due to increased cloud cover and reduced solar radiation
intensity (Nacht et al., 2023).

Overall, the meteorological conditions indicate that the study area has favorable
characteristics for solar energy utilization. The relatively stable solar radiation and high
energy potential provide a strong basis for developing predictive models using machine
learning and deep learning approaches.

Correlation Analysis of Meteorological Variables
To further understand the relationship between weather variables and solar energy
generation, a correlation analysis was conducted. The results are presented in Table 9.

Table 9

Correlation between Meteorological Variables and Solar Energy
Variable Correlation with Solar Energy
Solar Radiation 0.82
Temperature 0.45
Wind Speed 0.21
Humidity -0.52
Rain Rate -0.61
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The analysis shows that solar radiation has the strongest positive correlation with solar
energy generation, indicating that it is the most influential factor in determining PV output.
This finding aligns with the physical principle that solar panels directly depend on radiation
intensity.

Temperature also shows a moderate positive correlation (0.45), suggesting that higher
temperatures may contribute to increased energy generation under certain conditions. In
contrast, humidity (-0.52) and rain rate (-0.61) exhibit negative correlations, indicating that
higher moisture and rainfall levels tend to reduce solar energy production due to cloud cover
and atmospheric interference. Wind speed shows a relatively weak positive correlation
(0.21), indicating a limited but potentially indirect influence on PV performance.

Overall, the correlation analysis confirms that solar energy generation is primarily driven by
radiation intensity, while atmospheric conditions such as humidity and rainfall act as limiting
factors. These findings justify the use of deep learning models, such as CNN-LSTM, to capture
complex nonlinear relationships among meteorological variables (Bagdadee et al., 2025;
Ikhsan et al., 2026; Sunder et al., 2024).

Model Performance Comparison for Solar PV Prediction

To evaluate the predictive performance of the proposed models for solar photovoltaic (PV)
generation, experiments were conducted using three different data split scenarios: 70:30,
80:20, and 90:10. The models evaluated include Linear Regression, Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), Decision Tree Regression (DTR), Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), and the hybrid CNN-LSTM model. The
results are presented in Tables 10-12.

Model performance was assessed using standard regression metrics, including Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE),
and the coefficient of determination (R?).

Table 10

Model Performance Comparison for Solar PV Prediction (70:30 Split)
Model RMSE MAE MAPE R?
Hybrid CNN-LSTM 0.13 0.10 5.06 1.00
CNN 0.11 0.08 5.39 1.00
LSTM 0.25 0.16 6.30 1.00
KNN 0.87 0.65 26.75 0.96
DTR 0.11 0.01 0.47 1.00
SVM 2.13 1.48 55.51 0.78
Linear Regression 1.14 0.93 102.33 0.94
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Table 11

Model Performance Comparison for Solar PV Prediction (80:20 Split)
Model RMSE MAE MAPE R?
Hybrid CNN-LSTM 0.15 0.12 4.30 1.00
CNN 0.09 0.07 3.05 1.00
LSTM 0.17 0.11 5.45 1.00
KNN 0.83 0.62 24.03 0.97
DTR 0.13 0.01 0.34 1.00
SVM 2.01 1.38 49.44 0.80
Linear Regression 1.15 0.93 92.10 0.94

Table 12

Model Performance Comparison for Solar PV Prediction (90:10 Split)
Model RMSE MAE MAPE R?
Hybrid CNN-LSTM 0.12 0.10 4.33 1.00
CNN 0.11 0.08 5.39 1.00
LSTM 0.17 0.11 4.63 1.00
KNN 0.84 0.63 23.12 0.96
DTR 0.01 0.00 0.08 1.00
SVM 1.94 1.36 45.30 0.81
Linear Regression 1.14 0.92 88.69 0.95

The results consistently show that deep learning models outperform traditional machine
learning approaches in predicting solar PV generation. In particular, the hybrid CNN—-LSTM
model demonstrates strong and stable performance across all data split scenarios, achieving
low error values and high R? scores.

CNN models also perform competitively, especially in the 80:20 split scenario where they
achieve the lowest RMSE and MAE values. This indicates that spatial feature extraction plays
an important role in modeling solar energy patterns.

LSTM models show reliable performance in capturing temporal dependencies, although their
accuracy is slightly lower compared to CNN and hybrid models. Meanwhile, traditional
machine learning methods such as KNN and SVM exhibit significantly higher error values,
indicating limitations in handling nonlinear and complex relationships in meteorological data.

Although Decision Tree Regression (DTR) achieves extremely high accuracy with near-perfect
evaluation metrics, this result may indicate overfitting, as the model likely memorizes the
training data rather than generalizing effectively to unseen data.

Overall, the hybrid CNN-LSTM model provides the best balance between accuracy and
generalization, making it the most suitable approach for solar PV prediction in this study.
These findings highlight the importance of combining spatial and temporal feature extraction
in modeling renewable energy systems (lkhsan et al., 2026).

Discussion

This study provides a comprehensive analysis by integrating two critical components of
energy systems, namely household energy consumption (demand side) and solar
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photovoltaic (PV) generation (supply side). The results highlight distinct characteristics
between these two domains, which offer important insights for energy modeling and
management.

From the demand side, the analysis reveals that household electricity consumption is strongly
influenced by behavioral factors, particularly the frequency of electronic usage and installed
power capacity. Although the Linear Regression model demonstrates acceptable predictive
capability, its performance varies significantly across different data split scenarios. As
illustrated in Figure 4, the model achieves the best performance under the (1) 70:30 data
split, while performance declines under higher training proportions, indicating potential
overfitting. This suggests that household energy consumption is inherently dynamic and
influenced by user behavior, making it more difficult to model using simple linear approaches
(Jalal et al., 2024; Mahmood et al., 2020).

Energy Consumption Model Performance by Data Split
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Figure 4 Performance of Energy Consumption Model Based on Data Split
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Figure 5 Comparison of PV Model Performance Across Data Splits
In contrast, the supply side analysis shows that solar PV generation can be predicted with
high accuracy using advanced machine learning techniques. As shown in Figure 5, the hybrid

CNN-LSTM model consistently achieves low RMSE values across all data split scenarios,
demonstrating strong stability and robustness. CNN models also perform competitively,
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indicating the importance of spatial feature extraction, while LSTM models effectively
capture temporal dependencies. These results confirm that deep learning approaches are
well-suited for modeling complex relationships in meteorological data (lkhsan et al., 2026).

A key finding of this study lies in the comparison between energy demand and supply
modeling. While PV generation exhibits stable and predictable patterns driven by
environmental variables, household energy consumption is more irregular and influenced by
behavioral variability. This fundamental difference explains why advanced models such as
CNN-LSTM significantly outperform traditional methods in PV prediction, whereas simpler
models such as Linear Regression remain sufficient for capturing general consumption trends.

Furthermore, the integration of both models provides a more holistic perspective on energy
systems. Rather than treating energy demand and supply separately, this study demonstrates
the importance of combining behavioral data with environmental data to improve overall
prediction accuracy. This integrated approach addresses a critical gap in previous studies,
which often focus on either demand-side or supply-side analysis independently (lkhsan et al.,
2026).

Overall, the findings emphasize that effective energy management requires both
technological optimization and behavioral awareness. While predictive models can improve
forecasting accuracy, managing user behavior remains essential for achieving energy
efficiency and sustainability. The combination of these two aspects forms the core
contribution of this study and provides a foundation for future research in integrated energy
prediction systems.

Managerial Implications

Building upon the findings presented in the discussion, this study provides several important
managerial implications for energy planning, policy development, and household energy
management.

First, the distinction between demand-side and supply-side characteristics highlights the
need for differentiated strategies. Since household energy consumption is strongly
influenced by user behavior, energy management initiatives should focus on behavioral
interventions. Programs such as energy awareness campaigns, smart usage guidelines, and
demand-side management policies can help reduce unnecessary consumption and improve
efficiency. The findings indicate that technological prediction alone is insufficient without
considering user behavior as a key influencing factor (lkhsan et al., 2026).

Second, the high predictive accuracy of solar PV generation models, particularly the hybrid
CNN-LSTM approach, suggests strong potential for integrating artificial intelligence into
renewable energy planning. Energy providers and policymakers can utilize such models to
improve forecasting accuracy, optimize energy distribution, and support the integration of
solar energy into existing power systems. Accurate prediction of solar energy availability
enables better scheduling and reduces uncertainty in energy supply (lkhsan et al., 2026).

Third, the combined analysis of consumption and generation models offers a strategic
advantage for developing integrated energy management systems. By aligning predicted
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energy demand with expected solar energy supply, stakeholders can design more efficient
and balanced energy systems at the household level. This approach supports the
development of smart grid systems and enhances the potential for decentralized renewable
energy utilization.

Furthermore, the results emphasize the importance of data-driven decision-making in energy
management. The integration of meteorological data and user behavior data allows for more
comprehensive modeling, enabling decision-makers to capture both environmental and
human factors simultaneously. This holistic perspective is essential for addressing the
complexity of modern energy systems.

Finally, this study highlights that achieving energy efficiency and sustainability requires a dual
approach: technological optimization through advanced predictive models and behavioral
transformation through user engagement. The synergy between these two aspects forms the
foundation for more effective and sustainable energy management strategies in the future.

Limitations of the Study

Despite its contributions, this study has several limitations. The household energy
consumption data were obtained from 113 respondents using self-reported survey methods,
which may introduce response bias and limit generalizability. In addition, the use of Linear
Regression for modeling consumption may not fully capture nonlinear behavioral patterns.
On the supply side, the meteorological data are based on regional observations around the
BMKG Banjarbaru area, which may not reflect localized microclimate variations affecting
solar energy generation.

Future Research Directions

Future research is encouraged to expand the dataset by incorporating larger and more
diverse samples of household energy users to improve model generalization. In addition, the
application of more advanced machine learning and deep learning models for energy
consumption prediction could be explored to better capture complex behavioral patterns.
Further studies may also integrate real-time data and smart meter systems to enhance
prediction accuracy and support the development of intelligent energy management
systems.

Conclusion

This study presents an integrated framework for predicting household electricity
consumption and solar photovoltaic (PV) generation by combining behavioral and
environmental data. The findings highlight two key characteristics of energy systems at the
household level.

First, household energy consumption is primarily driven by behavioral factors, particularly the
frequency of electronic usage and installed power capacity. While the Linear Regression
model is able to capture general consumption patterns, its performance varies across
different data split scenarios, indicating that energy demand is dynamic and influenced by
user behavior.
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Second, solar PV generation can be predicted with high accuracy using deep learning
approaches. The hybrid CNN-LSTM model demonstrates consistent and robust performance
across all evaluation scenarios, outperforming traditional machine learning methods. This
confirms the effectiveness of hybrid models in capturing complex spatial and temporal
relationships in meteorological data.

The integration of demand-side and supply-side analysis represents the main contribution of
this study. By combining behavioral data with environmental data, this study provides a more
comprehensive understanding of energy systems. The results reveal that while energy supply
tends to be predictable and data-driven, energy demand remains behavior-dependent and
less structured.

From an energy management perspective, these findings emphasize the importance of
combining technological optimization with behavioral approaches. Effective energy
management strategies should not only rely on predictive models but also consider user
behavior as a critical factor in improving efficiency and sustainability.
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