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Peak load forecasting provides essential information for planning and
operating electrical distribution systems. This study investigates the
forecasting performance of linear and quadratic polynomial regression models
using monthly historical load observations from seven distribution feeders
over the 2021-2022 period. To account for differences in loading patterns,
cach feeder was analysed independently. The linear model uses the time index
as the predictor, whereas the quadratic polynomial approach is represented by
a second-order polynomial regression. Model accuracy was assessed using
Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE),
and the coefficient of determination (R?). The results reveal variations in
forecasting performance among the feeders. In general, quadratic polynomial
regression yields slightly lower RMSE values, although the relative
performance based on MAPE and R? differs across feeders. The differences
between the two approaches are relatively small for most feeders, suggesting

that greater model complexity does not necessarily provide a substantial
improvement in forecasting accuracy. These findings highlight the importance
of considering feeder-specific load characteristics and multiple evaluation
indicators when selecting a forecasting model. Overall, the proposed approach
offers a simple and computationally efficient alternative for feeder-level peak
load forecasting based solely on historical load information.
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1. INTRODUCTION

Accurate estimation of future electricity demand plays an important role in the planning and operation of
distribution systems. Load forecasting provides useful information for network development, equipment
loading evaluation, maintenance planning, and operational decisions, thereby helping utilities allocate system
capacity more effectively[1], [2]. Various forecasting approaches have been introduced, including conventional
statistical techniques as well as machine learning and deep learning methods[3], [4]. Despite the increasing use
of artificial intelligence techniques, their implementation may involve extensive datasets, preprocessing
procedures, and considerable computational effort. In contrast, conventional regression approaches offer
simpler implementation, easier interpretation, and relatively low computational requirements, making them
suitable for practical load forecasting applications[5], [6], [7], [8].

Linear regression describes changes in electrical load through a linear relationship with time, while
quadratic polynomial regression can represent more complex variations in load patterns[9], [10]. Previous load
forecasting studies have also incorporated additional information, including weather, calendar, socioeconomic,
and industrial variables, to improve prediction performance[11]. However, such studies generally focus on
improving forecasting performance through different input variables or modelling approaches rather than
directly examining whether quadratic polynomial regression provides a meaningful improvement over linear
regression when both models are applied to the same historical peak load data at the individual feeder level.
This leaves a specific research gap concerning the comparative performance of these two regression approaches
under identical input conditions across feeders with different loading characteristics.
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To address this research gap, the present study compares linear regression and quadratic polynomial
regression for forecasting monthly peak load across seven distribution feeders using historical observations
from 2021 to 2022. Separate models are developed for each feeder to preserve their individual loading
characteristics. Forecasting accuracy is assessed through Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), and the coefficient of determination (R?). The study emphasizes a practical feeder-level
forecasting approach that relies only on historical load information while maintaining simplicity,
interpretability, and low computational requirements for distribution system planning and loading assessment.

The novelty of this study lies in the feeder-level comparison of linear regression and quadratic polynomial
regression using identical historical load inputs across seven distribution feeders. Unlike forecasting
approaches that incorporate multiple exogenous variables or computationally intensive models, the proposed
approach relies solely on historical monthly peak load data while preserving the individual characteristics of
each feeder. This comparative framework enables a direct assessment of whether the additional complexity of
quadratic polynomial regression provides a meaningful improvement over linear regression. Therefore, the
study provides a simple, interpretable, and computationally efficient framework for selecting regression models
for feeder-level peak load forecasting.

2. METHOD
2.1 Research Framework

The research was conducted through a sequence of stages designed to compare the forecasting
capability of two regression approaches. First, relevant literature on electrical load forecasting and regression-
based methods was reviewed to establish the theoretical basis of the study. Historical monthly peak load records
from seven distribution feeders covering 2021-2022 were then collected and arranged for further analysis.
Using the same dataset, separate linear regression and quadratic polynomial regression models were developed
for each feeder. Their forecasting performance was assessed using Mean Absolute Percentage Error (MAPE),
Root Mean Square Error (RMSE), and the coefficient of determination (R?). The resulting performance
indicators were subsequently compared to evaluate the forecasting capability of both regression approaches.

The regression models were fitted using all available monthly observations for each feeder. Most
feeders contained 24 observations covering January 2021 to December 2022, while feeders with unavailable
monthly records were modelled using the 22 available observations. No separate training—testing split was
applied because the objective of this study was to compare the fitting capability of linear regression and
quadratic polynomial regression under identical historical data conditions rather than to perform out-of-sample
forecasting. Accordingly, MAPE and RMSE represent in-sample fitting errors calculated between the observed
and estimated peak load values, while R? represents the goodness of fit of each regression model.
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Figure 1. Research framework of the proposed forecasting method.
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Figure 1 summarizes the overall procedure used in this study. Following data collection and preparation, the
monthly peak load records of each feeder were processed separately using linear regression and quadratic
polynomial regression. The fitted values obtained from both models were then evaluated using MAPE, RMSE,
and R2. The final stage compares the performance of both regression approaches to determine their relative
effectiveness in representing feeder-level peak load patterns.

2.2 Data Collection

This study used monthly peak load records from seven distribution feeders covering January 2021 to
December 2022. Most feeders contained 24 monthly observations, while feeders with unavailable monthly
records contained 22 observations. The data were obtained from distribution system operational records and
arranged chronologically according to the observation period. Peak load, expressed as apparent power in MVA,
was used as the main variable to represent changes in feeder loading over time. The analysis relied exclusively
on historical load observations; therefore, external factors such as weather conditions, calendar variables, and
customer characteristics were not incorporated. Using the same available historical information for both
regression approaches ensured a consistent basis for comparing their performance. The collected data were
subsequently prepared for individual feeder modelling and performance evaluation.

2.3 Data Preparation

Before regression modelling, the historical peak load records were examined to ensure their suitability
for analysis. The available observations for each feeder were arranged chronologically, and each monthly value
was associated with a corresponding time index. Missing monthly records were not estimated or replaced,;
therefore, the regression models were developed using only the available observations for each feeder. The
same dataset for each feeder was applied to both linear regression and quadratic polynomial regression to
ensure consistent comparison conditions. No normalization, feature extraction, or additional exogenous
variables were introduced during data preparation. The prepared datasets were subsequently used for model
fitting and performance evaluation.

2.4 Linear Regression Model

Linear regression was used to represent the relationship between monthly peak load and the corresponding
time index. This approach provides a straightforward means of identifying linear trends in historical load
observations and has been applied in various electricity load forecasting studies[12], [13], [14].

The linear regression model is expressed as: § = B, + 54 )
Where:

¥ = predicted monthly peak load

x = time index

Bo = intercept

B = regression coefficient

The objective function of the Ordinary Least Squares (OLS) method is formulated as:
<\ 2
s=xi(v-%) @

The regression coefficients are calculated as:
Bl — Z?=1(xi_f)(yi_y) (3)

2?:1(951'_7?)2
Bo =3 — 1% 4

2.5 Quadratic Polynomial Regression Model

Quadratic polynomial regression was employed to capture load variations that may not be adequately
represented by a linear relationship. In this study, a second-order polynomial regression model was used to
represent possible nonlinear patterns between the time index and monthly peak load [9], [15]:

Y =Po+Brx + B x* (5)
Where:

y = predicted monthly peak load

x = time index

Bo = intercept

B, = linear regression coefficient
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B, = quadratic regression coefficient

2.6 Performance Evaluation

The performance of the linear regression and quadratic polynomial regression models was assessed using three
evaluation indicators: Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), and the
coefficient of determination (R?). MAPE measures the relative difference between the observed and fitted
values in percentage terms, while RMSE quantifies the magnitude of fitting errors with greater sensitivity to
larger deviations. R? indicates how well each regression model represents the variation in the observed data.
Since no separate testing dataset was used, MAPE and RMSE in this study represent in-sample fitting errors
rather than out-of-sample forecasting errors. Better model performance is generally associated with lower
MAPE and RMSE values and a higher R? value [16], [17].

100 i— Vi
MAPE =223, [=2 (©)
1 .
RMSE = \/;Z?:l(yi - 9)? (7
2 _1_ Si-9)?
RE=1 Li-y0? ®
3. RESULTS

3.1. Peak Load Characteristics

Figure 2 illustrates the monthly peak load patterns of the seven distribution feeders throughout 2021-2022.
Differences in load magnitude and temporal variation can be observed among the feeders, indicating that each
feeder exhibits its own loading characteristics. These differences provide the basis for developing separate
linear regression and quadratic polynomial regression models for each feeder.

Peak Load
S = NN W s B N
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Figure 2. Monthly peak load profiles of seven distribution feeders during 2021-2022

3.2. Linear Regression Results
A separate linear regression model was developed for each feeder with the time index used as the predictor.
Table 1 summarizes the resulting regression equations and their corresponding coefficients of determination
(R?).

Table 1. Linear Regression Results for Seven Distribution Feeders

Feeder Linear Regression Equation R?
F1 Y =0.065145 + 0.000422x 0.002667
F2 Y =2.562681 — 0.002450x 0.000798
F3 Y =3.847971 + 0.009496x 0.007164
F4 Y =4.296087 — 0.055190x 0.081847
F5 Y =4.864259 + 0.000767x 0.000021
F6 Y =2.618804 + 0.054696x 0.135102
F7 Y =3.501377 + 0.008257x 0.002876
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As shown in Table 1, the linear models yielded relatively low R? values for all seven feeders. The highest value
was obtained for Feeder 6 (0.135102), followed by Feeder 4 (0.081847), whereas considerably smaller values
were observed for the other feeders. This suggests that a simple linear trend explains only a limited proportion
of the monthly peak load variation, providing a basis for examining whether a quadratic polynomial
relationship can offer an improved representation.

3.3. Quadratic Polynomial Regression Results
A second-order quadratic polynomial regression model was developed separately for each feeder to examine

nonlinear variations in monthly peak load. The resulting equations and R? values are presented in Table 2.

Table 2. Quadratic Polynomial Regression Results for Seven Distribution Feeders

Feeder Quadratic Polynomial Regression R?
Equation
F1 Y =—0.000362x2 + 0.009473x + 0.025924 0.077612
F2 Y =-0.003111x2+ 0.075325x + 2.225667 0.049941
F3 Y =0.000514x> — 0.003350x + 3.903636 0.007964
F4 Y =0.000982x> — 0.079730x + 4.402436 0.082834
F5 Y =-0.006380x> + 0.163328x + 4.133554 0.054442
F6 Y =-0.002750x2 + 0.123379x + 2.321176 0.148100
F7 ¥ =-0.000360x2+ 0.017103x + 3.463442 0.002709

The results in Table 2 show that the ability of the quadratic polynomial regression model to represent peak load
variation differs among feeders. Feeder 6 obtained the highest R? value of 0.148100, followed by Feeder 4 at
0.082834 and Feeder 1 at 0.077612. Although these values are generally higher than those obtained from the
corresponding linear models, the overall R* values remain relatively low. This indicates that the quadratic
polynomial regression model provides only a limited improvement in representing the observed monthly load
variations.

3.4 Model Performance Comparison

The performance of the two regression approaches was evaluated for each feeder using MAPE, RMSE, and
R2. MAPE and RMSE were used to quantify the differences between the observed and fitted peak load values,
while R? was used to assess the goodness of fit of each model. By considering these three indicators together,
the performance of linear regression and quadratic polynomial regression can be compared across the seven
feeders. Table 3 summarizes the results obtained from both regression approaches.

Table 3. Performance Comparison of Linear and Quadratic Polynomial Regression Models

Feeder Model MAPE (%) RMSE R?
F1 Linear 24.4828 0.056455 0.002667
Quadratic Polynomial 28.0876 0.054292 0.077612
F2 Linear 22.3699 0.599622 0.000798
Quadratic Polynomial 22.8224 0.584690 0.049941
F3 Linear 17.8254 0.773812 0.007164
Quadratic Polynomial 17.8344 0.773500 0.007964
F4 Linear 43.8193 1.279491 0.081847
Quadratic Polynomial 43.8543 1.278803 0.082834
F5 Linear 23.9529 1.167221 0.000021
Quadratic Polynomial 23.3869 1.135015 0.054442
F6 Linear 24.3407 0.957960 0.135102
Quadratic Polynomial 24.0692 0.950735 0.148100
F7 Linear 30.3935 1.064127 0.002876
Quadratic Polynomial 30.3577 1.064035 0.002709

As presented in Table 3, the performance of the two regression models varied among the seven feeders.
Quadratic polynomial regression produced slightly lower RMSE values than linear regression for all feeders,
although the magnitude of improvement was relatively small. The MAPE results did not show the same pattern,
as the better-performing model differed among feeders. Similarly, the R? values varied between the two models,
with the highest R? value of 0.148100 obtained by the quadratic polynomial regression model for Feeder 6.
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Overall, the numerical results indicate that the differences between the two regression approaches are relatively
limited for most feeders.

4. DISCUSSION

The comparison between linear regression and quadratic polynomial regression indicates that increasing
model complexity does not necessarily result in a substantial improvement in model performance. Although
quadratic polynomial regression produced slightly lower RMSE values for all seven feeders, the improvements
were relatively small. Moreover, the MAPE and R? results varied among feeders, indicating that the
effectiveness of each regression approach depends on the individual loading characteristics of the feeder. The
relatively low R? values obtained by both models also suggest that variations in monthly peak load cannot be
fully represented by the time index alone.

These findings are consistent with previous load forecasting studies showing that model performance can
vary depending on the forecasting approach and the characteristics of the load data[18], [19], [20]. The results
of the present study further show that the use of a more complex regression form does not automatically provide
a substantial improvement when only historical peak load and time index are considered. Therefore, model
selection at the feeder level should consider not only model complexity but also the specific load variation of
each feeder and multiple performance indicators.

A limitation of this study is that the model evaluation was conducted using in-sample fitting without a
separate testing dataset. Therefore, the reported MAPE and RMSE values describe how well the models fit the
available historical observations rather than their out-of-sample forecasting capability. In addition, the models
rely solely on historical peak load and time index without incorporating external variables that may influence
load variations. Future studies should consider longer observation periods, additional explanatory variables,
and out-of-sample validation strategies to evaluate the predictive capability of the models more
comprehensively.

5.  CONCLUSION

This study evaluated linear and quadratic polynomial regression models for monthly peak load forecasting
across seven distribution feeders using historical load data. The results demonstrate that forecasting
performance differs among feeders due to variations in their loading characteristics. Overall, the quadratic
polynomial regression model tends to yield slightly lower RMSE values, although the relative performance
based on MAPE and R? differs from one feeder to another. The highest R? value was obtained for Feeder 6
using quadratic polynomial regression, with R? =0.148100 compared with 0.135102 for linear regression. The
small differences observed between the two approaches for most feeders suggest that the use of a more complex
regression model does not necessarily provide a substantial improvement in forecasting accuracy.
Consequently, selecting an appropriate forecasting model should account for feeder-specific load
characteristics and consider MAPE, RMSE, and R? collectively rather than using a single performance
indicator.
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