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ABSTRACT

Accurate daily feeder load forecasting is essential for supporting operation and maintenance strategies in
electrical distribution systems, where nonlinear and dynamic load variations may limit the performance of
conventional forecasting methods. This study develops a machine learning-based framework for daily load forecasting
of six 20 kV distribution feeders (PLR16—PLR21) supplied by Transformer 1 at Palur Substation, Indonesia. We used
daily operational load data from January 2020 to April 2026, incorporating customer-growth information as an
additional forecasting feature. We used Random Forest as the primary model and Holt-Winters Exponential
Smoothing as a benchmark. We evaluated forecasting performance using MAE, RMSE, MAPE, and SMAPE. Random
Forest outperformed Holt-Winters, achieving MAE of 292.45 A, RMSE of 417.85 A, and MAPE of 12.98%, compared
with 720.30 A, 853.37 A, and 26.79%, respectively. The selected model was further applied to forecast feeder loading
through 2028 and identify priority feeders for operation and maintenance planning. The proposed framework provides
a practical, data-driven approach to feeder load forecasting and operational decision support in 20 kV distribution
systems.

Keywords: Daily Load Forecasting; Distribution Feeders; Random Forest; Holt-Winters; Power Distribution
System.

Introduction

Accurate electrical load forecasting is essential for power system operation, planning, asset management, and
maintenance. In distribution networks, daily feeder load forecasting is particularly important because demand varies
with customer consumption, operational conditions, and network growth. Reliable forecasts therefore support load
assessment, operational prioritization, and maintenance planning [1] — [4]. The increasing complexity of load behavior
has encouraged the use of machine learning alongside conventional forecasting methods. Holt—Winters Exponential
Smoothing is widely used because of its simplicity and ability to model trend and seasonal patterns [5] — [8]. but its
performance may decrease under nonlinear and abrupt load variations[2], [9]. Random Forest (RF), in contrast, can
model nonlinear relationships and has shown effective performance in short-term load forecasting [10]-[14].
Nevertheless, feeder-level daily load forecasting using long-term operational data in Indonesian 20 kV distribution
systems, particularly comparative evaluations of RF and classical statistical methods combined with priority feeder
identification, remains relatively underexplored [15] — [17]. This study uses more than six years of daily operational
data from six 20 kV feeders (PLR16—PLR21) supplied by Transformer 1 at Palur Substation, covering January 2020
to April 2026. Daily RST load is used as the forecasting target, with customer growth as an explanatory feature. RF is
the primary model, with Holt—-Winters as the benchmark, evaluated using MAE, RMSE, MAPE, and sMAPE. The
best-performing model is then used to forecast future feeder loading and identify priority feeders for operation and
maintenance planning [18] — [20]. The main contributions are: (1) development of a daily feeder load forecasting
framework using more than six years of real operational data from six Indonesian 20 kV feeders; (2) comparative
evaluation of RF and Holt—Winters for feeder-level forecasting; and (3) integration of future load projection and
priority feeder identification to support operational monitoring, maintenance, and planning [21] — [23].
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Research Methods

Study Area and Dataset
This study utilized daily three-phase current data from six 20 kV distribution feeders (PLR16—PLR21) supplied by
Transformer 1 at Palur Substation, covering January 2020 to April 2026. For each feeder, the daily load was
represented by the RST load, calculated as:

RST, =R, +S,+T,
where R;, S;, and T, denote the phase currents at time t. The RST load represents the feeder loading conditions and
actual operating characteristics of the distribution system [1], [2].
The dataset captures daily fluctuations, seasonal variations, and long-term load growth, with customer-growth
information included as an additional forecasting feature to improve prediction and support priority feeder
identification for operation and maintenance planning [24], [25].

Data Preprocessing and Partitioning

Before model development, the data were sorted chronologically and checked for duplicates, missing values,
temporal continuity, and abnormal measurements. Missing values were interpolated, while abnormal measurements
were inspected and corrected when necessary. The dataset was then chronologically divided into training data (January
2020-December 2023) and testing data (January 2024—April 2026) to preserve temporal characteristics, prevent data
leakage, and objectively evaluate model generalization under real operating conditions [2].

Feature Engineering

Feature engineering transformed the time-series data into a supervised learning format for Random Forest
forecasting. We generated lag, rolling-statistical, calendar, and customer-growth features to capture temporal
dependencies, load trends, and recurring patterns. Table | presents the selected features.

Table 1. Input Features Used for Random Forest Forecasting

Rolling Rolling Day of Day of

Lag-1 Lag-7 Lag-14 Mean-7 Mean-14 Week Month Month
Previous One-week Two-week rTZo?/?r)]/ r#(l)-vdi?\y Calendar  Calendar Calendar
day load earlier load earlier load g g feature feature feature

average average

Lag features capture short-term dependencies, while rolling statistics represent local load trends. Calendar
features capture weekly and monthly patterns [10], [13]. Customer-growth information was included to represent long-
term demand evolution and improve forecasting capability.

Random Forest Forecasting Model
We used Random Forest (RF) as the primary forecasting model. RF combines multiple decision trees using
bootstrap aggregation (bagging) to improve prediction and reduce overfitting [10].For regression, the final prediction

is obtained by averaging tree outputs:
9 =5 ), 1)
i=1

where ¥ represents the predicted load, N denotes the number of decision trees, and T;(x) represents the prediction
generated by the i — th tree. RF was selected for its ability to model nonlinear relationships under varying operating
conditions [10], [11].

Holt-Winters Forecasting Model
Holt-Winters Exponential Smoothing was used as the benchmark because of its ability to represent trend and
seasonal behavior with a simple forecasting structure [5] — [8]. The additive formulation:
le=ay;+ (1 —a)(le—1 + bt—y)
by =B —l;-1) + (1 = B)byy
Ye+n = le + hb,
where [, is the level, b, is the trend, a and g are smoothing coefficients, and h is the forecasting horizon.
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Experimental Setup and Hyperparameters
We implemented the RF model using Scikit-Learn in Python. The selected configuration used 100 estimators,

unlimited tree depth, a minimum split of 2, a minimum leaf size of 1, bootstrap enabled, and random state 42. We
applied this configuration consistently for model evaluation and future load forecasting to maintain reproducibility.

Table 2. Random Forest Hyperparameters

n_estimators max_depth min_samples_split min_samples_leaf bootstrap random_state

100 None 2 1 True 42

Performance Evaluation Metrics
RF and Holt-Winters were evaluated using MAE, RMSE, MAPE, and SMAPE:
n

1

MAE=—§ -9
- lye — el
t=1

n
12( 2
ACL Ve)
t=1

RMSE =
100 7
MAPE = — Ye Ve
n & Ve
100 |y, — il
SMAPE = — e = Ve

n Lyl +17:D/2
where y, and y, denote actual and predicted load values. These metrics provide complementary measures of
forecasting accuracy and are widely used in load forecasting studies [2], [26].

Research Workflow
The overall workflow adopted in this study is illustrated in Fig. 1.
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Figure 1. Overall research workflow adopted in this study

The process comprises historical data collection and preprocessing, feature engineering, model development,
model evaluation, performance comparison, and future load projection. We evaluated Random Forest and Holt—
Winters using the same test data, then applied the best-performing model for future feeder load forecasting and

operational analysis.

Results And Discussion
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Historical Load Characteristics
Daily Load Behavior

Fig. 2 shows the historical daily RST load of Transformer 1 from January 2020 to April 2026. The load exhibits
substantial daily fluctuations and an overall increasing trend, reflecting variations in customer consumption and
operating conditions [1], [2]. Daily load ranges from 383 A to 4363 A, indicating considerable variability and dynamic
temporal behavior. These characteristics support the use of forecasting methods capable of capturing both nonlinear
short-term fluctuations and long-term load evolution [10], [12], [13].
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Figure 2. Historical daily RST load of Transformer 1 (2020-2026)

Statistical Characteristics
Table 3. Descriptive Statistics Of Daily Rst Load

Minimum (A) Maximum (A) Mean (A) Median (A) Standard Deviation (A)

383 4363 2505 2468 613

Table Il summarizes the historical load characteristics: a minimum of 383 A, a maximum of 4363 A, a mean of
2505 A, a median of 2468 A, and a standard deviation of 613 A. The wide range and relatively high standard deviation
indicate substantial load variability, supporting machine learning-based forecasting methods [2], [10].

Feeder Load Contribution Analysis
Table 4. Average Feeder Load Contribution

Feeder Average Load (A) Contribution (%)
PLR16 814.90 30.62

PLR19 508.17 19.09

PLR20 501.21 18.83

PLR18 356.96 1341

PLR17 273.17 10.26

PLR21 206.92 7.77

Table 1V shows the average contribution of each feeder. PLR16 is the dominant feeder with 30.62%, followed
by PLR19 (19.09%) and PLR20 (18.83%). Together, these feeders account for 68.54% of total feeder demand. Their
relatively high contributions make them important for load assessment, priority identification, and operation and
maintenance planning.

Forecasting Performance Evaluation
Random Forest Prediction Results

Fig. 3 shows that Random Forest closely follows the actual load profile and captures most short-term fluctuations,
with minor deviations during extreme loading conditions, demonstrating its ability to model nonlinear and temporal
feeder load characteristics for future load projection and operational planning.
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Figure 3. Actual versus predicted load using Random Forest

Holt-Winters Prediction Results
Fig. 4 shows that Holt-Winters produces smoother forecasts that capture the general trend but have limited ability to
represent abrupt load variations. Consequently, larger errors occur during periods of significant load fluctuations.
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Figure 4. Actual versus predicted load using Holt—Winters

Quantitative Performance Comparison
Table 5. Forecasting Performance Comparison

Model MAE (A) RMSE (A) MAPE (%)
Random Forest 292.45 417.85 12.98
Holt-Winters 720.30 853.37 26.79

Table V shows that Random Forest outperformed Holt—Winters across all metrics, achieving an MAE of 292.45
A, RMSE of 417.85 A, and MAPE of 12.98%, compared with 720.30 A, 853.37 A, and 26.79%, respectively. The
superior RF performance is attributed to its ensemble structure, which uses bootstrap aggregation to capture nonlinear
relationships and reduce model variance [10], [11]. Holt-Winters relies primarily on smoothing and trend
representation, limiting its ability to capture highly dynamic feeder behavior [5] — [8]. The results are also consistent
with previous studies reporting the effectiveness of Random Forest for short-term load forecasting[13], [14]. Therefore,
RF was selected for future feeder load projection and priority feeder identification.

Comparison with Previous Studies
Table 6. Comparison With Previous Studies

Study Method Forecasting Level
Ahmad et al. [1] ML-based Forecasting Smart Grid
Bielecki and Dudek [8] Random Forest STLF

Magalhdes et al. [9] Optimized Random Forest Load Forecasting
This Study Random Forest 20 kV Feeders

Table VI compares the proposed approach with previous studies. The results are consistent with previous findings
on the effectiveness of Random Forest for short-term load forecasting [13], [14], while this study applies RF
specifically to 20 kV distribution feeders.
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Feature Importance Analysis
To better understand the Random Forest model's behavior, we performed a feature importance analysis. Fig. 5
presents the relative importance of the forecasting features.

Figure 5. Random Forest feature importance ranking

Fig. 5 shows that Lag-1 and Lag-7 are the most influential forecasting features. Lag-1 indicates that the previous
day’s load provides the strongest information for predicting the next daily load, while Lag-7 reflects weekly temporal
dependency. Thus, short-term temporal features are more influential than calendar and customer-growth variables in
the present framework, consistent with previous findings [13], [14]. Calendar and customer-growth features provide
supplementary information for recurring patterns and long-term demand evolution. Overall, RF provides superior
forecasting accuracy while preserving realistic feeder-level load behavior.

Forecasted Load Trend Analysis (2026—-2028)

The selected RF model was applied to forecast daily feeder loads from May 2026 through December 2028. Fig.
6 shows that the forecast trajectories generally follow historical patterns without unrealistic discontinuities, indicating
that the model captures the temporal structure of feeder loading. PLR16 remains the highest-loaded feeder, followed
by PLR19 and PLR20, while PLR21 remains the lowest. Table VIl summarizes the projected feeder contributions.

Table 7. Forecasted Feeder Load Contribution (2026—-2028)

Feeder Average Forecast Load (A) Contribution (%0)
PLR16 760.00 27.00
PLR19 555.00 19.72
PLR18 420.00 14.92
PLR20 410.00 14.56
PLR21 360.00 12.79
PLR17 310.00 11.01
Total 2,815.00 100.00

PLR16 has the highest projected loading at approximately 760 A (27.00%), followed by PLR19 at 555 A
(19.72%), warranting greater attention in future monitoring and maintenance planning. The forecast indicates gradual
load growth across feeders and provides a baseline based on historical load patterns and customer growth. Because
weather, maintenance, and network reconfiguration were not explicitly modeled due to data limitations, treat the
projections as a reference for operational planning, with future studies incorporating scenario-based analysis to assess
forecast robustness.
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Figure 6. Historical and forecasted daily RST load profiles of feeders PLR16—PLR21 from 2020 to 2028

Operational Implications

The forecasting results inform load assessment, resource allocation, and operational decision-making [1], [2].
Based on historical and forecasted loading contributions, PLR16, PLR19, and PLR20 require greater attention in
operational monitoring and maintenance planning, with forecast information supporting inspection, preventive
maintenance, and load management based on projected demand. The study is limited to historical load and customer-
growth data from a single distribution area and excludes weather, economic, and social variables. Future research
should incorporate these variables and customer-growth scenarios through scenario-based forecasting, and explore
hybrid machine learning and deep learning approaches to improve forecasting accuracy and robustness.

Conclusion

This study developed a machine learning-based framework for daily feeder load forecasting in six 20 kV
distribution feeders (PLR16—PLR21) supplied by Transformer 1 at Palur Substation, using daily operational data from
January 2020 to April 2026. We used Random Forest as the primary model, with Holt—Winters Exponential Smoothing
as the benchmark.

Random Forest outperformed Holt—Winters, achieving an MAE 0f 292.45 A, RMSE of 417.85 A, and MAPE of

12.98%. The forecasting results indicated gradual feeder load growth during 2026—-2028, with PLR16 remaining the
dominant contributor, followed by PLR19 and PLR20. The resulting forecasts support priority feeder identification,
load monitoring, and operation and maintenance planning.
This study contributes a practical framework for feeder-level daily load forecasting in Indonesian 20 kV distribution
systems by integrating model comparison, future load projection, and priority feeder identification using more than
six years of real operational data. Future research may incorporate weather and economic variables, customer-growth
scenarios, and hybrid forecasting architectures to improve prediction accuracy and robustness.
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