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Introduction 
Energy demand forecasting is a critical element of modern power system planning because electricity 
consumption continues to grow with increasing levels of residential, commercial and industrial activity. Effective 
management of energy resources requires accurate predictions of electricity demand to enable reliable operation, 
reduction of operating costs, improvement of load management and development of efficient system planning. 
Past results confirm strong relationships between electricity consumption and patterns of economic growth, 
consumer behavior and regional and sectoral variations in demand [1], [2]. Consequently, short-term forecasts of 
electricity demand are essential for purposes of generation scheduling, distribution planning, demand-side 
management and operation of a smart grid. 
 
Electricity demand is influenced by multiple interacting and dynamic factors, including time-of-day, day-of-week, 
seasonal variations, weather conditions, electricity prices, population growth, levels of economic activity, holidays 
and patterns of consumer behavior. These interactions frequently produce nonlinear, irregular and time-varying 
load characteristics that make accurate forecasting difficult. Results of studies for individual buildings and for 
entire regions have confirmed that machine learning methods provide superior representations of the complex 
relationships between electricity consumption and influencing variables compared with conventional linear 
methods under conditions of nonlinearity [4]–[5]. Recent short-term load forecasting studies have also shown that 
combining feature selection, ensemble learning, and deep learning can improve forecasting accuracy and reduce 
model complexity [3]. In particular, methods based on machine learning have received considerable attention 
because of their capacity to identify and exploit previously hidden relationships in historical data to achieve 
improved accuracy of prediction. 
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Various techniques have been applied to the problem of forecasting electricity consumption, including regression 
methods, support vector regression, decision trees, random forest, neural networks, models based on long short-
term memory and methods of ensemble learning. Use of linear regression provided a basis for forecasting 
electricity consumption because of its simplicity and ease of interpretation [15], whereas methods based on 
support vector regression and neural networks provided substantially greater capability for representing 
nonlinear patterns of electricity consumption [16]–[18]. Finally, methods of ensemble learning and hybrid 
approaches achieved substantially greater capacity for obtaining robust results and representing conditions of 
high accuracy for short-term load forecasting [10], [12], [22]. Application of the method of extreme gradient 
boosting also provided a highly effective approach for obtaining models with high capacity for representing 
complex interactions among variables [27]. 
 
Although past work has increased the accuracy of electricity demand forecasts, most studies emphasize overall 
forecasting performance and provide relatively little attention to patterns of city-level electricity consumption, 
variations associated with weekdays versus weekends, holiday-related variations in electricity demand, monthly 
distributions of demand, seasonal effects and variations between daytime and nighttime loads. Accurate 
prediction at the city level is necessary because local electricity consumption reflects region-specific demographic, 
commercial, climatic and behavioral conditions. As a result, integration of predictive modeling with analyses of 
seasonal and pattern-related aspects of electricity consumption should yield greater insight for purposes of local 
energy planning and practical implementation of smart-grid technologies. 
 
To address this research gap, the present study proposes a hybrid ensemble machine learning framework for 
short-term electricity demand forecasting using hourly electricity consumption data of Kolhapur city for the 
period 2020–2024. The proposed work integrates linear regression, random forest and XGBoost to capture both 
linear and nonlinear aspects of load characteristics. In addition to providing forecasts, the study examines 
monthly, seasonal, weekday-weekend, holiday-related and diurnal-nightly consumption patterns to gain a better 
understanding of electricity use behavior. The major goal is to obtain an accurate and easily interpreted 
methodology for assisting local utilities and energy planners with short-term load management, load forecasting 
and sustainable energy planning. 
 
The contribution of this work is to provide a practical city-scale forecasting and energy management framework, 
not to develop a novel machine learning algorithm. The study combines three well-established predictive methods 
with validation-based weighting and integrates results with interpretations of seasonal and pattern-related 
aspects of energy consumption. This approach provides both high accuracy for predictions and an in-depth 
understanding of local patterns of electricity demand. 
 

Literature Review 

Electricity load forecasting has received extensive attention due to its importance for energy planning, generation 
scheduling, grid security and demand-side management. The results confirm that electricity consumption is 
affected by socioeconomic, temporal, behavioral and environmental factors. Residential load characteristics and 
patterns of consumer behavior were examined in detail [1], and the importance of consumer behavior for load 
characteristics was demonstrated. Analysis of the relationship among electricity consumption, oil prices and 
economic activity [2] provided additional confirmation of the strong association between electricity demand and 
economic activity. As a result, electricity forecasting must be based on models that represent both characteristics 
of load and influences of external factors. 
 
Considerable attention has been given to development of building- and regional-scale models for forecasting 
electricity consumption using machine learning methods. Multiple machine learning techniques were applied to 
develop models for predicting air-conditioning energy consumption [3]. The results confirmed the potential for 
application of data-driven models to building energy problems. An improved genetic algorithm-based back-
propagation model was developed for prediction of office building energy consumption [4], and application of 
methods based on optimization improved accuracy of predictions. Finally, results of application of machine 
learning methods to develop models for forecasting regional residential building energy consumption [5] and for 
purposes of electricity supply-side and demand-side management provided further confirmation of the important 
role of accurate forecasting for purposes of energy planning. Overall, our results support continued development 
and application of intelligent methods for electricity load forecasting. 
 
Deep learning and sequence-based methods also have been applied to short-term electricity consumption 
forecasting. An LSTM-based method for daily load profile sequences was developed [6] and demonstrated to 
provide effective representation of temporal dependencies in data on electricity demand. Application of machine 
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learning methods to electrical energy consumption [7] resulted in substantial reductions in prediction error for 
different consumption patterns. Evaluation of machine learning algorithms for electricity consumption prediction 
in Korea [8] confirmed the ability of data-driven methods to represent national trends in electricity consumption. 
Comparison of various machine learning algorithms for power consumption prediction with the case study of the 
city of Tetouan [23] confirmed the usefulness of data-driven approaches for city-level electricity forecasting. 
 
Hybrid and ensemble learning techniques have received increasing attention as they combine the advantages of 
multiple forecasting models. A hybrid approach based on random forest and multilayer perceptron was used to 
demonstrate that integration of tree-based and neural models improves accuracy for short-term forecasting [10]. 
An ensemble system based on random forest provided additional reductions in prediction error and improved 
robustness for short-term forecasts [12]. Recent reviews of short-term load forecasting emphasize that although 
machine learning and hybrid models have improved prediction accuracy, challenges remain in feature selection, 
model generalization, multi-factor integration, and adaptation to changing energy-demand patterns [11]. 
 
Traditional and machine learning-based forecasting methods have also been widely applied for electricity 
consumption prediction. Use of a decision tree method for building energy demand modeling [14] confirmed the 
ability of tree-based methods to capture nonlinear relationships in energy data. Application of linear regression 
methods for electricity consumption forecasting in Italy [15] illustrated the advantages of interpretability and 
utility associated with regression-based approaches. Comparison of neural network and support vector regression 
methods for electricity consumption forecasting [16], and application of a support vector machine with ant colony 
optimization for power load forecasting [17], further confirmed the utility of machine learning methods for 
national applications of electricity forecasting [18]. Use of time-series and temporal-variable analysis was also of 
major importance for electricity demand forecasting. 
 
Application of a multivariate k-nearest neighbor regression method for time-series prediction of UK electricity 
demand [19] provided further evidence of the value of time-based methods for energy forecasting. Analysis of 
temporal variables for electrical consumption prediction [20] demonstrated the effectiveness of time-related 
information in improving the accuracy of load forecasts. Use of regression analysis for prediction of residential 
energy consumption [21] further emphasized the importance of selection of appropriate input variables for 
improved accuracy of forecasting models. Finally, application of a machine learning approach for prediction of 
future hourly residential electrical consumption [24] confirmed the necessity for development of models that 
provide hourly forecasts of electricity consumption. 
 
Tree-based ensemble methods are highly appropriate for the present work. Random forest [22] represents a 
robust method for combining multiple decision trees to increase prediction reliability and reduce overfitting. It is 
well suited for load forecasting because of its ability to represent nonlinear relationships and to tolerate noisy 
input variables. Gradient boosting [26] is a powerful method for function approximation, and the resulting system 
for tree boosting [27] is highly scalable. This method is well suited for problems involving structured predictions, 
because it iteratively improves weak learners and captures complex interactions between variables. As a result, 
random forest and gradient boosting are well suited for forecasting electricity demand. 
 
Additional applications of clustering and pattern analysis also have provided valuable insight into the nature of 
electricity consumption. Methods for supervised and unsupervised data analysis were discussed in detail by Berry 
et al. [13]. Applications of pattern-based methods [25] to forecasting electricity demand for residential and small 
commercial buildings confirmed the ability of these methods to describe similar patterns of electricity 
consumption and to support electricity demand forecasts. Use of temporal and pattern-based methods enabled 
complete discrimination between categories of low-, moderate-, high-, day-, night-, weekday- and weekend 
electricity consumption. 
 
Overall, the literature shows that machine learning, hybrid models, ensemble methods, and temporal feature 
analysis are effective for electricity demand forecasting. However, many existing studies focus primarily on 
general prediction accuracy and provide limited analysis of city-level seasonal, weekday–weekend, holiday-
period, and pattern-based consumption patterns. Therefore, the present study develops a hybrid ensemble 
framework combining Linear Regression, Random Forest, and XGBoost for short-term electricity demand 
forecasting using hourly Kolhapur city electricity consumption data. The study further integrates seasonal and 
pattern-based consumption analysis to provide practical insights for local energy planning and smart-grid 
management. 
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Materials and Methods 

2.1 Scope of the Study Area: Kolhapur City 
The present study focuses on short-term electricity demand forecasting for Kolhapur city, Maharashtra, India. 
Kolhapur is an important urban and commercial center in western Maharashtra and has experienced continuous 
growth in residential, commercial, institutional, and industrial electricity consumption. The city is geographically 
located between latitudes 16°39′03″ N and 16°45′50″ N and longitudes 74°11′20″ E and 74°16′10″ E. It is situated 
on the right bank of the Panchaganga River, a tributary of the Krishna River [9]. Due to increasing urbanization, 
expanding economic activities, and changing consumer behavior, electricity demand in Kolhapur shows noticeable 
variation across different hours, days, months, and seasons. 
Kolhapur has a unique physical and urban configuration with a gentle gradient from southern to northern portions 
of the city. Residential areas, commercial enterprises, educational institutions, small- and medium-scale 
industries, tourism activities and religious pilgrimages associated with the Mahalakshmi Temple produce 
differences in patterns of electricity consumption. Additional local conditions of market activity, clusters of 
institutional services and seasonal tourism also influence patterns of electricity demand. As a result, the city 
provides an appropriate basis for analysis of short-term patterns of electricity demand at the city level. 
 
Hourly records of electricity consumption for the city were used to evaluate temporal and seasonal variations in 
demand. Results for hourly, daily, monthly, weekday vs. weekend, holiday periods, seasonal and daytime vs. 
nighttime conditions are reported. The study illustrates the importance of city-level analysis for understanding 
patterns of local electricity demand and for supporting practical approaches to load forecasting, demand-side 
management and implementation of smart grid technologies. 
 
2.2 Dataset Description 
The present work utilizes hourly electricity consumption data for the city of Kolhapur obtained from the 
Maharashtra State Electricity Board. The resulting data cover the five-year period from 1 January 2020 through 
31 December 2024. They include time-dependent representations of electricity demand and of ambient weather 
conditions. Each record corresponds to an hourly interval of electricity consumption. 
 
Major variables employed in this work include time of day, day-of-week, month, year, day-of-year, temperature, 
relative humidity and electricity demand. The latter variable served as the target for prediction, whereas the other 
variables represented input features for that purpose. Temporal variables enabled representation of periodic 
patterns of electricity demand, and values for temperature and relative humidity provided a basis for modeling 
effects of weather conditions on electricity consumption. The resulting structure of the dataset is summarized in 
Table 1. 
 

Table 1. Sample data structure for electricity consumption prediction 

Timestamp Hour 
Day of 
Week 

Month Year Day of Year Temperature Humidity Demand 

01-01-2020 0 2 1 2020 1 3.000 61.288 2457.12 
01-01-2020 1 2 1 2020 1 3.000 52.873 2269.90 
01-01-2020 2 2 1 2020 1 4.244 36.341 2215.64 

... ... ... ... ... ... ... ... ... 
31-12-2024 19 1 12 2024 366 3.956 43.287 4689.69 
31-12-2024 20 1 12 2024 366 3.118 51.705 4331.24 
31-12-2024 21 1 12 2024 366 3.000 40.565 4015.98 
31-12-2024 22 1 12 2024 366 3.000 51.998 3353.24 

 
Table 2 shows the dataset summary and preprocessing details. 
 

Table 2. Dataset summary and preprocessing details 
Parameter Description 
Data source Maharashtra State Electricity Board 
Study period 1 January 2020 to 31 December 2024 
Temporal resolution Hourly 
Approximate records 43,848 hourly observations 
Target variable Electricity demand 
Input variables Hour, day of week, month, year, day of year, temperature, humidity 
Missing values No missing values observed during preprocessing 
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Weather variables 
Temperature and humidity available in the dataset and aligned with hourly demand 
records 

Holiday-period 
analysis 

Selected vacation/holiday period used for non-regular demand-pattern analysis 

Train-test strategy Chronological 80/20 split 
Anomaly inspection Demand values inspected for abnormal peaks and irregular readings 

 
The dataset was examined before model development, and no missing values were found. However, preprocessing 
was still performed to ensure proper datetime formatting, remove inconsistencies, detect abnormal values, 
normalize numerical variables where required, and prepare the dataset for machine learning model training. 
 
2.3 Categories of Electricity Load Forecasting 
Electricity load forecasting is typically categorized according to the length of the forecasting horizon as short-term, 
medium-term and long-term forecasting [10]. Short-term forecasts encompass periods of one hour to one week 
and are applicable to load dispatching, generation scheduling, operations planning and evaluation of system 
security. Medium-term forecasts apply to weekly or monthly planning and are used for tariff planning, scheduling 
of maintenance and repair, planning of fuel requirements and financial management. Long-term forecasts extend 
over periods of several months to many years and are primarily applied to planning of generation expansion, 
transmission system expansion and energy policy. 
 
This work represents a form of short-term electricity load forecasting, in which the study attempts to forecast 
future patterns of demand on the basis of historical hourly load data and appropriate temporal and weather 
variables. Figure 1 shows the general classes of electricity load forecasting according to the length of the prediction 
horizon. 
 

 
Figure 1. Categories of electricity load forecasting based on prediction horizon 

 
2.4 Data Preprocessing 
Data preprocessing was used to convert raw records of electricity consumption to a format appropriate for 
machine learning-based forecasting. The timestamp was converted to a standardized datetime format and 
appropriate temporal variables were derived. These included hour-of-day, day-of-week, month, year, and day-of-
year. These variables reflect the large variations in electricity consumption that occur for different hours of the 
day, days of the week, months of the year and seasons of the year. 
 
The preprocessing stage involved the following steps: 
• First, the dataset was checked for missing values. Since the dataset did not contain missing values, no 
imputation was required. However, this step was retained to ensure data quality. 
• Second, outlier detection was performed to identify abnormal demand values that may occur due to recording 
errors, sudden operational disturbances, or unusual consumption behavior. Extreme values were examined 
carefully to avoid removing genuine peak demand observations. 
• Third, numerical features were examined through statistical distribution plots. The distribution of temporal 
variables confirmed that the dataset covers the study period adequately. The demand distribution showed 
variations caused by daily, monthly, and seasonal load changes. 
• Fourth, additional temporal features were generated to improve model learning. Weekday and weekend 
indicators were created to analyze differences between working and non-working days. Seasonal and monthly 
variables were also used to capture periodic consumption changes. 
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• Finally, the dataset was divided into training and testing subsets. Since the data are time-series in nature, 
chronological splitting was preferred to avoid data leakage. The first 80% of the observations were used for 
training and validation, while the remaining 20% were used for testing. 

2.5 Feature Engineering and Consumption Pattern Analysis 
Feature engineering plays an important role in electricity demand forecasting because load demand is strongly 
affected by time-based and weather-related factors. In this study, the original timestamp was decomposed into 
multiple features such as hour, day of week, month, year, and day of year. These variables help the model identify 
recurring patterns in electricity usage. 
 
The study also considered the following consumption patterns: 
• Hourly demand pattern: This pattern helps identify daytime and nighttime electricity usage behavior. 
• Weekday–weekend pattern: Weekdays and weekends were compared to observe differences in electricity 
demand caused by commercial, institutional, and industrial activity. 
• Monthly demand pattern: Monthly demand distribution was analyzed to understand seasonal variation in 
electricity consumption. 
• Holiday-period demand pattern: Demand during vacation or holiday periods was examined to identify unusual 
consumption behavior during non-regular working periods. 
• Seasonal pattern: Seasonal variations were analyzed because weather and human activity patterns affect power 
consumption. 
• Daytime–nighttime demand pattern: Consumption patterns were grouped to understand load behavior during 
active and low-demand hours. 

These engineered features were used not only for forecasting but also for interpreting the electricity consumption 
behavior of Kolhapur city. 
The seasonal and pattern-based analyses were used to interpret how temporal variables contribute to demand 
variation. These analyses support the forecasting framework by justifying the inclusion of calendar-based features 
such as hour, month, day of week, weekday/weekend indicator, and holiday-period information. Therefore, the 
pattern analysis is not treated as a separate forecasting model, but as an interpretive component that explains the 
temporal structure learned by the machine learning models. 
 
2.6 Pattern-based Consumption Analysis 
To increase understanding of electricity consumption patterns, we applied pattern-based analysis to observed 
load trends. Our objective was to identify various modes of electricity consumption including periods of low, 
moderate and high demand, and of daytime and nighttime load profiles. This approach enabled us to determine 
whether similar patterns of electricity consumption occurred at particular times of day, days of the week, 
weekends, holidays or during particular seasons. 
 
The analysis included selected variables representing time of day, load levels, climatic conditions, indicators for 
weekdays vs. weekends and information on monthly variations. Use of these variables allowed interpretation of 
the ways in which electricity consumption varies with different temporal and environmental conditions. The 
results provide valuable information for purposes of demand-side management, peak-load planning and local 
strategies for distribution of electric energy. 
 
The general steps followed for pattern-based analysis were: 
1. Selection of relevant temporal and demand-related features.  
2. Examination of hourly, weekday–weekend, monthly, seasonal, and holiday-period demand patterns.  
3. Identification of low-demand, moderate-demand, and high-demand consumption periods.  
4. Interpretation of demand behavior based on load level, time of day, and seasonal variation.  
5. Use of observed consumption patterns to support electricity demand interpretation and forecasting. 
 
2.7 Proposed Hybrid Ensemble Forecasting Framework 
The proposed framework integrates three machine learning models to capture different aspects of electricity 
demand data. These models were selected to reflect different characteristics of the data. 
Linear regression was used to quantify simple linear relationships among input variables and electricity demand. 
Random forest was employed to model nonlinear relationships, minimize overfitting with an ensemble approach 
and improve robustness to noisy data. Finally, XGBoost was included, a highly effective algorithm for modeling 
complex interactions among features and further reducing error through sequential learning. 
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The results of these three models were integrated by a weighted ensemble approach. The ensemble model was 
intended to increase the accuracy of predictions by incorporating the strengths of individual models. The hybrid 
ensemble prediction is expressed as: 
 

𝒚̂
𝒉𝒚𝒃𝒓𝒊𝒅

= 𝒘𝟏𝒚̂
𝑳𝑹

+ 𝒘𝟐𝒚̂
𝑹𝑭

+ 𝒘𝟑𝒚̂
𝑿𝑮𝑩

 

 
where 𝑦̂

ℎ𝑦𝑏𝑟𝑖𝑑
 is the final predicted electricity demand, 𝑦̂

𝐿𝑅
 is the prediction obtained from Linear Regression, 𝑦̂

𝑅𝐹
 

is the prediction obtained from Random Forest, and 𝑦̂
𝑋𝐺𝐵

 is the prediction obtained from XGBoost. The terms w1, 

w2, and w3 represent the weights assigned to the individual models. 
 
The weights are constrained as: 

𝒘𝟏 + 𝒘𝟐 + 𝒘𝟑 = 𝟏, 𝒘𝟏, 𝒘𝟐, 𝒘𝟑 ≥ 𝟎 
 
The ensemble weights were selected using validation-set prediction errors. First, Linear Regression, Random 
Forest, and XGBoost were trained on the training subset. Their predictions on the validation subset were then 
combined using different non-negative weight combinations satisfying w1+w2+w3=1. The weight combination 
that produced the lowest RMSE on the validation subset was selected for the final ensemble. The selected weights 
were then applied to the test-set predictions to obtain the final hybrid forecast. 
 
The objective of weight optimization is to minimize the forecasting error on the validation data. The optimization 
objective can be represented as: 
 

𝒎𝒊𝒏 𝑱 = 𝑹𝑴𝑺𝑬(𝒚, 𝒚̂
𝒉𝒚𝒃𝒓𝒊𝒅

) 

 
where y represents the actual electricity demand and 𝑦̂

ℎ𝑦𝑏𝑟𝑖𝑑
 represents the predicted demand from the hybrid 

ensemble model. Table 3 shows the implementation settings of forecasting models. 
 

Table 3. Implementation settings of forecasting models 
Component Setting 
Programming 
environment 

Python 

Libraries Pandas, NumPy, Scikit-learn, XGBoost, Matplotlib 
Data split Chronological 80% training/validation and 20% testing 
Target variable Electricity demand 
Input variables Hour, day of week, month, year, day of year, temperature, humidity 
Base models Linear Regression, Random Forest, XGBoost 
Ensemble strategy Weighted aggregation of base-model predictions 
Weight selection 
criterion 

RMSE minimization on validation-set predictions 

Evaluation metrics RMSE, MAE, and (R2); MAPE defined as an additional standard error metric 
Random Forest 
parameters 

Number of estimators = 100, max depth = None (default), random state = 42 

XGBoost parameters 
Number of estimators = 100, learning rate = 0.3 (default), max depth = 6 (default), 
objective = reg:squarederror (regression) 

Random seed 42 
Weight-search 
strategy 

Validation-set RMSE minimization over non-negative weights satisfying (w₁ + w₂ + 
w₃ = 1) 

 
2.8 Proposed Algorithm 
The proposed algorithm for short-term electricity demand forecasting is described below. 
 
Step 1: Data Collection 
The hourly electricity consumption dataset is collected for Kolhapur city. The dataset is represented as: 

𝐷 = {(𝒙𝟏, 𝒚𝟏), (𝒙𝟐, 𝒚𝟐), . . . , (𝒙𝒏, 𝒚𝒏)} 
 
where xi represents the input feature vector and yi represents the corresponding electricity demand value. 
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Step 2: Data Preprocessing 
The dataset is cleaned and transformed into a suitable format. Missing values are checked, abnormal values are 
examined, datetime features are extracted, and numerical variables are prepared for model development. 
 
Step 3: Feature Engineering 
Temporal features such as hour, day of week, month, year, and day of year are extracted. Additional features such 
as weekday/weekend indicators, seasonal indicators, and holiday-period indicators are generated to capture 
consumption behavior. 
 
Step 4: Dataset Splitting 
The dataset is divided into training and testing sets using chronological order. The first 80% of the data is used for 
training and validation, while the remaining 20% is used for testing. 

𝑫𝒕𝒓𝒂𝒊𝒏 = {(𝒙𝟏, 𝒚𝟏), (𝒙𝟐, 𝒚𝟐), . . . , (𝒙𝒎, 𝒚𝒎)} 
 

𝑫𝒕𝒆𝒔𝒕 = {(𝒙𝒎 + 𝟏, 𝒚𝒎 + 𝟏), . . . , (𝒙𝒏, 𝒚𝒏)} 
 
Step 5: Training of Individual Models 
Three machine learning models are trained using the training dataset: 
 

𝑴 = {𝑴𝑳𝑹, 𝑴𝑹𝑭, 𝑴𝑿𝑮𝑩} 
 
where 𝑀𝐿𝑅, 𝑀𝑅𝐹 , 𝑀𝑋𝐺𝐵 represent Linear Regression, Random Forest, and XGBoost, respectively. 
Each model is trained as: 
 

𝑴𝒊. 𝒇𝒊𝒕(𝑫𝒕𝒓𝒂𝒊𝒏) 
 
Step 6: Generation of Individual Predictions 
The trained models generate predictions on the validation or testing data: 
 

𝒚̂
𝑳𝑹

= 𝑴𝑳𝑹(𝒙) 

𝑦̂
𝑅𝐹

= 𝑀𝑅𝐹(𝑥) 

𝑦̂
𝑋𝐺𝐵

= 𝑀𝑋𝐺𝐵(𝑥) 

Step 7: Hybrid Ensemble Prediction 
The final prediction is obtained by combining the outputs of the individual models using optimized weights: 

𝒚̂
𝒉𝒚𝒃𝒓𝒊𝒅

= 𝒘𝟏𝒚̂
𝑳𝑹

+ 𝒘𝟐𝒚̂
𝑹𝑭

+ 𝒘𝟑𝒚̂
𝑿𝑮𝑩

 

 
Step 8: Model Evaluation 
The predicted values are compared with actual electricity demand values using RMSE, MAE, and R2. The hybrid 
ensemble model is then compared with the individual models to evaluate its forecasting performance. 
 
2.9 Performance Evaluation Metrics 
The performance of the proposed hybrid ensemble model was evaluated using standard regression metrics. These 
metrics measure prediction error, accuracy, and goodness of fit. 
 
Mean Absolute Error 
Mean Absolute Error measures the average absolute difference between actual and predicted electricity demand 
values. 
 

𝑴𝑨𝑬 =
𝟏

𝒏
 ∑ ∣ 𝒚𝒊 − 𝒚̂𝒊 ∣

𝒏

𝒊=𝟏

 

 
where yi is the actual demand value, 𝑦̂𝑖  is the predicted demand value, and n is the total number of observations. 
 
Root Mean Square Error 
Root Mean Square Error measures the square root of the average squared difference between actual and predicted 
values. It gives higher penalty to large errors. 
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𝑹𝑴𝑺𝑬 = √
𝟏

𝒏
 ∑(𝒚𝒊 − 𝒚̂𝒊)

𝟐

𝒏

𝒊=𝟏

 

 
Mean Absolute Percentage Error 
Mean Absolute Percentage Error measures the average percentage error between actual and predicted values. 

𝑴𝑨𝑷𝑬 =
𝟏𝟎𝟎

𝒏
∑ |

𝒚𝒊 − 𝒚̂𝒊

𝒚𝒊

|

𝒏

𝒊=𝟏

 

 
Coefficient of Determination 
The coefficient of determination measures how well the model explains the variation in actual electricity demand. 

𝑹𝟐 = 𝟏 −
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𝒊=𝟏
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𝟐𝒏

𝒊=𝟏

 

 
where yˉ represents the mean of actual demand values. 
A lower MAE, RMSE, and MAPE indicates better forecasting accuracy, while a higher R2 value indicates better 
model fit. 
 

3. Methodological Workflow 
The overall methodology of the proposed electricity demand forecasting framework includes data acquisition, 
preprocessing, feature extraction, model training, ensemble development, optimization of model weights, 
prediction and assessment of performance. 
 
Initially, the hourly electricity demand dataset is collected and arranged according to timestamp. The dataset is 
preprocessed by checking missing values, extracting temporal features, and preparing the input variables. The 
data are then divided into training and testing subsets. Linear Regression, Random Forest, and XGBoost models 
are trained independently using the training data. Each model produces separate demand predictions. These 
predictions are combined using an optimized weighted ensemble strategy to generate the final hybrid forecast. 
Finally, the performance of the hybrid model is compared with individual models using RMSE, MAE, and R2, while 
MAPE is defined as an additional standard error metric for possible extended evaluation. 
 

 
Figure 2. Proposed methodology for short-term electricity demand forecasting using hybrid ensemble 

machine learning 
 
This workflow provides a systematic process for electricity demand forecasting and enables both predictive 
modeling and consumption-pattern interpretation. By combining machine learning models with temporal, 
seasonal, and pattern-based demand analysis, the proposed framework supports improved short-term forecasting 
and practical energy management for Kolhapur city. 
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4. Results and Discussion 
4.1 Overview of Experimental Evaluation 
The present hybrid ensemble machine learning approach was tested on hourly electricity demand data for the city 
of Kolhapur over the 2020-2024 period. The primary aim of the experimental work was to evaluate the forecasting 
capabilities of the proposed hybrid model and compare results with individual machine learning methods of linear 
regression, random forest and XGBoost. In addition, we evaluated patterns of monthly demand, differences in 
consumption for weekdays versus weekends, behavior during periods of holidays, and distributions of forecasting 
errors. 
 
Evaluation of model performance was based on three major criteria of regression analysis: root mean square error, 
mean absolute error and coefficient of determination. Reduced values of root mean square error and mean 
absolute error reflect lower magnitudes of forecasting error, whereas high coefficients of determination represent 
excellent agreement between observed and predicted values of electricity demand. 
 
4.2 Monthly Distribution of Energy Demand 
The monthly profile of electricity demand reflects substantial differences in consumption for different months of 
the year. These differences demonstrate that electricity demand in Kolhapur is affected by seasonal influences, 
climatic conditions, patterns of work and variations in commercial and residential activity. The result is a non-
uniform pattern of demand throughout the year that confirms the necessity of models capable of learning seasonal 
and temporal variations. 
 
The monthly demand analysis indicates that some months show higher electricity consumption, which may be 
associated with thermal load, commercial activity, agricultural or industrial operation, and festival-related 
variation. In contrast, other months exhibit relatively lower demand, which may reflect moderate climatic 
conditions or reduced activity levels. This confirms the value of including variables representing month, day of 
year, temperature, humidity and other temporal factors in the forecasting model. The monthly distribution of 
electricity demand for Kolhapur is shown in Fig. 3. 
 

 
Figure 3. Monthly distribution of electricity demand across 2020–2024, showing seasonal variation in 

Kolhapur city electricity consumption 
 
The monthly demand pattern confirms that short-term load forecasting should not depend only on historical 
demand values. Instead, it should also consider seasonal and calendar-based features to improve prediction 
reliability. 
 
4.3 Energy Consumption During Holiday/Vacation Period 
Holiday and vacation periods often produce irregular electricity demand patterns because routine residential, 
commercial, educational, and industrial activities may change during these days. The holiday-period demand 
analysis compares the actual electricity consumption with the predicted values generated by Linear Regression, 
Random Forest, XGBoost, and the proposed hybrid ensemble model. 
 
The result shows that the proposed hybrid model follows the actual demand curve more closely than the individual 
models. Linear Regression shows comparatively larger deviation because it mainly captures linear relationships 

http://www.svedbergopen.com/


www.svedbergopen.com                                              International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.8s, 2026                                                                                                                                                                        1005 

and struggles to represent sudden nonlinear fluctuations in holiday-period electricity usage. Random Forest and 
XGBoost perform better than Linear Regression because they can capture nonlinear relationships; however, their 
individual predictions still show some deviation from the actual demand curve. The hybrid ensemble model 
provides more stable predictions by combining the strengths of all three models. Figure 4 compares the actual and 
predicted electricity demand during the selected holiday/vacation period. 

 

 
Figure 4. Actual and predicted electricity demand during the holiday/vacation period 

 
The analysis demonstrates that the hybrid ensemble model is more reliable during non-regular consumption 
periods. This is important for practical load forecasting because holiday demand can differ considerably from 
normal working-day demand.  
 
4.4 Weekday and Weekend Energy Consumption Analysis 
The weekday versus weekend comparison provides valuable information on the effects of working and non-
working days on electricity demand. As illustrated in Fig. 5, electricity consumption on weekdays is generally 
greater than on weekends. This difference may be associated with greater electricity use in commercial, industrial, 
and institutional activities during working days. In contrast, weekend electricity consumption is substantially less 
because many commercial and industrial operations are reduced or discontinued on weekends. 
 

 
Figure 5. Weekday and weekend electricity consumption comparison 

 
The observed difference between weekday and weekend electricity demand confirms the importance of including 
the weekday/weekend indicator as an input feature in the forecasting model. This feature helps the model 
distinguish between regular working-day consumption patterns and reduced or altered demand behavior during 
weekends. The analysis also indicates that electricity consumption is influenced not only by hourly and seasonal 
factors but also by calendar-based activity patterns. Therefore, weekday–weekend demand analysis can assist 
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electricity utilities in improving short-term load scheduling, peak-demand planning, demand-side management, 
and local energy distribution strategies. 
 
4.5 Error Comparison with Actual Demand 
The error comparison graph illustrates the forecasting errors of individual models and for our hybrid ensemble 
approach relative to actual electricity demand. Results confirm that our hybrid approach yields substantially lower 
and more stable forecasting errors than do linear regression, random forest and xgboost. 
 
Linear regression results in large variations in forecasting error because electricity demand reflects nonlinear and 
time-dependent processes that cannot be completely modeled with a simple linear approach. Random forest 
substantially reduces these effects by learning nonlinear relationships across multiple trees. Sequential correction 
of residual errors further improved the forecasting capability of xgboost. However, both tree-based methods 
occasionally resulted in large local deviations during abrupt changes in electricity demand. 
 
Our hybrid ensemble approach achieved superior stability of forecasting errors by integrating complementary 
strengths of individual methods. Linear regression provided estimates of the underlying linear trends, random 
forest improved robustness to noisy data, and xgboost quantified complex interactions between nonlinear 
components of the input data. Integration of weighted estimates further minimized the effects of model-specific 
biases and yielded substantially more reliable predictions. Comparison of patterns of forecasting error for linear 
regression, random forest, xgboost and our hybrid ensemble method is shown in Fig. 6. 
 

 
Figure 6. Forecasting error comparison of Linear Regression, Random Forest, XGBoost, and proposed 

hybrid ensemble model 
 
The lower error distribution of the hybrid model supports the claim that ensemble learning improves forecasting 
reliability for short-term electricity demand prediction. 
 
4.6 Quantitative Performance Comparison of Forecasting Models 
The quantitative comparison shows that the proposed hybrid ensemble model achieved the best performance 
among all evaluated models. Linear Regression recorded an RMSE of approximately 590, MAE of 470, and R2 score 
of 0.82, indicating limited ability to capture nonlinear electricity demand variations. Random Forest improved the 
R2 score to approximately 0.87, but its MAE remained relatively high at around 500. XGBoost achieved an MAE of 
approximately 450 and RMSE of 580, showing better nonlinear learning capability than Linear Regression but still 
producing higher errors than the hybrid model. In contrast, the proposed hybrid ensemble model achieved the 
lowest RMSE of approximately 145, lowest MAE of approximately 95, and highest R2 score of approximately 0.98. 
These results confirm that combining Linear Regression, Random Forest, and XGBoost through an ensemble 
strategy improves forecasting accuracy and provides more reliable short-term electricity demand prediction. 
Table 4 summarizes the comparative performance of Linear Regression, Random Forest, XGBoost, and the 
proposed hybrid ensemble model using RMSE, MAE, and R2. 
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Table 4. Performance comparison of forecasting models 

Model RMSE MAE 
(R2) 
Score 

Performance Interpretation 

Linear Regression ≈ 590 
≈ 
470 

≈ 0.82 
Higher error due to limited ability to capture nonlinear 
demand behavior 

Random Forest ≈ 485 
≈ 
500 

≈ 0.87 Better (R2), but MAE remains comparatively high 

XGBoost ≈ 580 
≈ 
450 

≈ 0.82 
Captures nonlinear patterns, but error remains higher 
than the hybrid model 

Proposed Hybrid 
Ensemble 

≈ 145 ≈ 95 ≈ 0.98 
Best overall performance with lowest RMSE and MAE and 
highest goodness of fit 

 
4.7 Ablation Analysis of Temporal and Weather Features 
The ablation analysis shows that the progressive inclusion of temporal and weather-related features improves 
forecasting performance. The model without temporal features recorded the highest error, with an RMSE of 
approximately 260, MAE of approximately 185, and R2 score of approximately 0.91, indicating that weather 
variables alone were insufficient to represent recurring calendar-based demand patterns. When temporal features 
such as hour, day of week, month, year, and day of year were included, the RMSE decreased to approximately 215 
and the MAE decreased to approximately 155, while the R2 score improved to approximately 0.94. This confirms 
the importance of temporal variables in capturing hourly, weekly, monthly, and seasonal demand behavior. 
 
The model using both temporal and weather-related variables achieved further improvement, with an RMSE of 
approximately 175, MAE of approximately 125, and R2 score of approximately 0.96. This indicates that 
temperature and humidity provide additional explanatory information when combined with calendar-based 
features. The proposed hybrid ensemble model achieved the best overall performance, with the lowest RMSE of 
approximately 145, lowest MAE of approximately 95, and highest R2 score of approximately 0.98. These results 
show that the proposed framework benefits from both informative feature representation and the complementary 
learning behavior of Linear Regression, Random Forest, and XGBoost. Table 5 shows the results of ablation 
analysis. 
 

Table 5. Ablation analysis of temporal and weather-related feature groups 

Configuration Feature Set Used RMSE MAE 
(R2) 
Score 

Interpretation 

Model without 
temporal features 

Temperature and 
humidity only 

≈ 260 ≈ 185 ≈ 0.91 

Higher error because 
calendar-based demand 
variation is not 
represented 

Model with 
temporal features 

Hour, day of week, 
month, year, and day 
of year 

≈ 215 ≈ 155 ≈ 0.94 

Improved performance 
due to inclusion of 
hourly, weekly, monthly, 
and seasonal demand 
patterns 

Model with 
temporal + 
weather features 

Temporal variables, 
temperature, and 
humidity 

≈ 175 ≈ 125 ≈ 0.96 

Further improvement 
due to combined 
temporal and weather-
related demand 
representation 

Proposed hybrid 
ensemble model 

Linear Regression + 
Random Forest + 
XGBoost with 
optimized weighted 
aggregation 

≈ 145 ≈ 95 ≈ 0.98 

Best performance due to 
integration of 
complementary model 
predictions 

 
The ablation analysis helps explain the relationship between the consumption-pattern analysis and the forecasting 
framework. Temporal variables such as hour, day of week, month, and day of year are not only used for descriptive 
analysis but also support the forecasting model by allowing it to learn recurring demand patterns. Weather-related 
variables such as temperature and humidity provide additional information about climate-sensitive electricity 
consumption. The final hybrid ensemble model achieves the best performance because it combines these 
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informative features with the complementary learning strengths of Linear Regression, Random Forest, and 
XGBoost. 
 
4.8 Discussion of Model Performance 
The superior performance of our hybrid ensemble approach is attributable to complementary learning behaviors 
of selected base models. Electricity demand reflects both regular and irregular patterns of behavior. Some 
variations are linear and predictable, such as hourly and monthly demand trends. Other variations are nonlinear 
and reflect complex interactions among weather conditions, calendar effects and patterns of consumption. 
 
Linear regression provides an appropriate baseline for modeling the direct relationship between input variables 
and electricity demand, but is ineffective for representing nonlinear variations in demand. In contrast, random 
forest provides improved estimates by generating multiple trees and averaging their results to reduce variance 
and increase robustness. Sequential application of boosting further improved performance, as each subsequent 
tree attempted to minimize errors generated by previously developed trees. This approach enabled effective 
representation of complex, nonlinear patterns of load behavior. 
 
Integration of the strengths of these different approaches resulted in a single system capable of representing linear 
components of demand, nonlinear interactions among variables and complex temporal variations with greater 
accuracy than any individual model. Consequently, performance was superior with respect to both absolute errors 
and goodness of fit. 
 
4.9 Seasonal and Pattern-based Consumption Interpretation 
The seasonal and temporal variations demonstrate that electricity demand differs among months, weekdays, 
weekends and holiday periods. These results confirm the importance of incorporating calendar-related and 
weather-related variables into short-term load forecasting. Monthly variations reflect seasonal effects, and 
differences between weekdays and weekends illustrate the influence of working and non-working days on 
electricity consumption. 
 
The results of the pattern-based analysis confirm the existence of different patterns of electricity consumption, 
including patterns of daytime and nighttime demand. Daytime demand is largely attributable to commercial, 
institutional and industrial activities, whereas nighttime demand is predominantly related to residential 
consumption. Recognition of these patterns facilitates planning of demand-side management strategies, 
optimization of distribution schedules and preparation for periods of peak demand. 
 
4.10 Practical Implications 
Our results have practical importance for local electric distribution planning and smart grid management. 
Accurate short-term forecasts of electric load enable utilities to improve schedules of generation, reduce operating 
costs, avoid equipment overload and maintain system stability. The hybrid model provides additional capacity for 
improved decision-making and yields more reliable hourly forecasts of load. 
 
In addition, characterization of differences between weekday and weekend load and between seasonal load 
variations provides an opportunity to identify periods of peak load and optimize the allocation of resources. This 
is especially important for cities such as Kolhapur, where variations in patterns of electric consumption reflect 
influences of urban activity, weather conditions, festivals, tourism and local patterns of commercial activity. 
Consequently, these methods provide an effective basis for efficient electric service and for sustainable 
management of electric resources. 
 
From an engineering management perspective, the proposed forecasting methodology facilitates operational 
decision-making for electricity distribution systems. Short-term forecasts enable planning for load allocations, 
maintenance schedules, peak demand conditions and demand-side control actions. In addition, the results for 
weekday-weekend and seasonal variations provide further support for system-level planning by identifying 
conditions under which variability of load will influence operation, allocation of resources and level of service 
reliability. 
 
4.11 Limitations of the Study 
Although the proposed hybrid ensemble model achieves strong forecasting performance, the study has some 
limitations. First, the analysis is limited to Kolhapur city; therefore, the generalizability of the model should be 
tested using data from other cities or regions. Second, the model uses selected temporal and weather-related 
features, but additional exogenous variables such as electricity price, population density, industrial activity, public 
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holidays, and real-time weather forecasts may further improve prediction accuracy. Third, the study compares the 
hybrid ensemble only with Linear Regression, Random Forest, and XGBoost. Future work should include stronger 
baselines such as Support Vector Regression, LightGBM, LSTM, GRU, CNN-LSTM, and Transformer-based 
forecasting models. 
 
Although chronological splitting was used to reduce future-data leakage, rolling-origin or walk-forward validation 
was not implemented in the present study and will be considered in future work to further evaluate time-
dependent generalization. 
 
The comparison is limited to Linear Regression, Random Forest, XGBoost, and the proposed weighted ensemble. 
Therefore, the reported performance should be interpreted within this baseline setting. Future work should 
include stronger models such as SVR, LightGBM, LSTM, GRU, CNN-LSTM, and Transformer-based forecasting 
architectures. 
 

5. Conclusion and Future Work 
We developed a hybrid ensemble machine learning framework for short-term energy demand forecasting based 
on hourly electricity consumption data for the city of Kolhapur over the 2020-2024 period. Our approach 
incorporated linear and nonlinear demand patterns by combining linear regression, random forest and XGBoost 
methods. In addition, we evaluated monthly distributions of demand, seasonal variations, differences between 
weekdays and weekends, patterns of consumption on holidays and variations in load between day and night to 
obtain a more complete characterization of city-level electricity consumption. 
 
Results of our experiments confirmed that the overall performance of the hybrid ensemble method was superior 
to that of each individual model. The resulting errors were minimized to achieve an RMSE of about 145, MAE of 
about 95 and R2 of about 0.98. In contrast, errors for linear regression were large because of the inability to 
adequately represent nonlinear components of demand, whereas performance for random forest and XGBoost 
was better but still inferior to that achieved with the hybrid model. The superior performance of our hybrid model 
thus supports our conclusion that integration of different methods of machine learning reduces limitations 
associated with individual approaches and improves the reliability of forecasts. 
 
The seasonal and temporal analyses further confirm that electricity demand in the city of Kolhapur varies with 
month, weekday, weekend, holidays and with different times of the day. These results reinforce the need to include 
calendar-based and patterns-of-consumption characteristics in short-term load forecasting methods. The 
resulting approach will facilitate improved scheduling of load, implementation of demand-side management, 
maintenance of grid stability and optimization of operational planning. 
 
Additional improvements of the forecasting approach will result from inclusion of additional external factors, 
including real-time weather conditions, variations in electricity tariffs, population densities, industrial activities, 
periods of religious festivals and patterns of consumer behavior. Finally, application of the method to other cities 
and regions will provide additional information on the potential for achieving scale and for extending the method 
to new applications. Comparison of the present ensemble approach with advanced methods of deep learning will 
represent an important area for future research. In addition, real-time application to smart-grid systems and 
further development of detailed, pattern-based methods of demand characterization will substantially increase 
the practical value of the present approach. 
 
Data Availability Statement 
The electricity demand dataset used in this study is not publicly available because it was obtained from the 
Maharashtra State Electricity Board for research purposes. However, the data may be made available by the 
corresponding author upon reasonable request, subject to permission and applicable data-sharing restrictions. 
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