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Accepted: 12 December 2025 Vietnam. A total of 13 features, including 9 electricity-related features

Available online: 31 December 2025 and 4 time-related features, are extracted to predict the Total Active
Power (TAP) of a three-phase low-voltage transformer station. The
Mutual Information (MI) analysis results show that the Active Power

Keywords (AP) features in the three phases have a significantly higher importance
Short-term load forecasting, level than the other features in predicting TAP. Two algorithms,
artificial intelligence, deep neural including Deep Neural Network (DNN) and Artificial Neural Network
network, artificial neural network (ANN), are used to predict TAP. In addition to the two models using all

13 features, two corresponding models using only 3 AP features are
also trained for comparison. Results show that, with 17 047 data points,
models using 3 AP features have a suitable level of complexity for better
results than similar models using all 13 features. The DNN model with
3 features yields the best results, with MAE, RMSE, and R2 values of
1.9089, 4.2880, and 0.9971, respectively. In future research, the
number of data points will be improved to explore better features, and
other features could also be considered.

1. Introduction

In Vietnam, the electrical system is divided into three main voltage levels, reflecting the function and scope of each
level. High voltage (above 35 kV) is primarily employed in the transmission grid, exemplified by the 220 kV and
500 kV North-South lines, playing a key role in transmitting large-scale power from generation plants to load
centers and regional substations. Medium voltage (above 1 kV up to 35 kV), with 22 kV being the most commonly
used level, is applied in the distribution network to supply electricity to urban areas, industrial zones, as well as
medium and large loads, through 110/22 kV substations. Low voltage (not exceeding 1 kV), typically 0.4 kV, is
mainly used to deliver electricity directly to households, commercial buildings, and small-scale production
facilities. The increasing presence of small-scale loads and distributed energy resources is reshaping low-voltage
power grids. As a result, load forecasting has become indispensable, supporting both operational activities and
the overall efficient management of the energy system [1, 2].

Load forecasting plays a crucial role in enabling electric utilities to plan their finances, manage electricity
market prices, and efficiently plan generation, supply, and dispatch based on load fluctuations. This not only
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ensures the safety, security, and stability of the smart grid system but also optimizes energy management and
reduces overall operating costs, thereby improving the efficiency and sustainability of the energy sector [3-6].

Distribution load forecasting is typically categorized into short-term, medium-term, and long-term
projections. Short-Term Load Forecasting (STLF), specifically, concentrates on predicting load demand over
periods ranging from several hours to a week. This capability is indispensable for ensuring the reliable and
efficient operation of increasingly prevalent smart grid systems by optimizing power distribution and supply [7].
STLF provides crucial information for decision-making in meeting customer electricity demand, reducing the risk
of power outages, and optimizing the response to electricity demand. Additionally, it supports load demand
monitoring, peak load reduction, power outage detection and restoration, as well as intelligent customer
information management. Therefore, achieving high accuracy in STLF is a necessary challenge for electricity
businesses and suppliers to effectively coordinate when participating in the electricity market [8, 9]. Many
traditional load forecasting methods such as time series analysis, regression analysis, extrapolation, and elasticity
coefficient have been applied, however, they often do not achieve high accuracy [10-14].

In recent years, computer science and Artificial Intelligence (Al) have experienced rapid development and
have been applied in numerous fields, including electrical systems [15-17]. In particular, they have been utilized
in electric load forecasting with the expectation of improving accuracy. Recent research has demonstrated that
Al-powered approaches outperform traditional methods in forecasting electricity load due to their superior
capacity to process intricate, nonlinear data with greater adaptability [18-22].

Machine learning algorithms such as ANN, DNN, and Fuzzy Neural Network (FNN), have been applied to
electric load forecasting and have demonstrated high performance and accuracy [23-26]. Support Vector
Machines (SVM), Random Forest Regression (RFR), and Long Short-Term Memory (LSTM) were used for short-
term load forecasting. An ensemble method was proposed to improve accuracy by combining the advantages of
these models [27]. DNN, Feed Forward Deep Neural Network (FF-DNN), and Recurrent Deep Neural Network (R-
DNN) have been employed for short-term load forecasting [28]. FF-DNN and R-DNN have been utilized in
conjunction with Time-Frequency (TF) feature selection to enhance forecasting performance [29].

The objectives of this research are (1) to analyse real-time load data collected from the central system,
monitor, supervise, and manage real-time data at the Phu My station of Tan Thuan Power Company in Ho Chi Minh
City, Vietnam; and (2) to develop DNN and ANN models for STLF. These objectives also enable the identification
of suitable features and the selection of appropriate forecasting models, ensuring the robustness and accuracy of
the prediction process. The outcomes serve to optimize grid operation, enhance the reliability of power supply,
support decision-making in energy resource management, and effectively coordinate power supply for each
region.

2. Materials and Methods

2.1 Data Collection

Data was collected at the Phu My substation, rated at 560 kVA - 22/0.4 kV, within the low-voltage distribution
network of Tan Thuan Power company, Ho Chi Minh City, Vietnam in real-time from the monitoring and data
management system. Data was collected every 30 minutes, starting from 1:30:00 on January 14th, 2024, and
ending at 04:30:00 on January 3rd, 2025. After being collected, the data is preprocessed, then used for load
forecasting. The entire processing diagram is illustrated in Fig. 1. The processing is conducted in Python.

Data collection -J» Data preprocessing -J» Load forecasting

- Start: 1:30:00 Data correction - 2 models:

January 14t 2024 ! DNN and ANN

- End: 04:30:00 Feature engineering - Activation function:
January 312025 v Leaky ReLU

- Interval: Data scaling and splitting - Loss function=

30 minutes 0.9*MSE+0.1*MAE

Fig. 1 Processing diagram
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2.2 Data Preprocessing

2.2.1 Data Correction

After being collected, data undergoes preprocessing. The operation and data collection process of the power grid
can sometimes encounter incidents, causing some data points to be missing, wrong, duplicated, or lacking certain
features. Preprocessing is firstly aimed at addressing these issues, including handling unsuitable values, removing
duplicated data, filling missing data points in time intervals.

Handling unsuitable values: Not a Number (NaN) value is unsuitable. Negative or 0 values in case of active
power (AP) are also unsuitable. 0 value theoretically can appear in case of reactive power (RP), but is hardly, so
is also considered as unsuitable. These unsuitable values should be replaced. Unsuitable values of AP are replaced
by mean of positive active values within the same hour. If there is no positive value of this hour, the mean of all
positive values is used instead. Meanwhile, unsuitable values of RP are recalculated from apparent power and
power factor. If one of these two values are not available, the unsuitable values of RP are tackled similar to that of
active values. Please note that apparent power will not be extracted as features in later steps.

Removing duplicated data: When the system experiences a sudden power outage followed by immediate
restoration (within a few seconds, for example), an additional data point is recorded that is similar to the
previously recorded data point. In this process, if duplicate data points are detected, the first data point is kept. If
there are missing feature in this data point, they are filled by the respective features in other data point(s) if
available.

Filling missing data points in time intervals: In this study, data are collected each 30 minutes. However, due
to system operation problems, data in the times series can be missed. The missing data are filled based on gap
size. For gaps within 2 hours, linear interpolation is used. For gaps higher than 2 hours but not higher than 6 hours,
cubic interpolation used instead. For gaps higher than 6 hours, data is filled by that of the previous week.

2.2.2 Feature Engineering

The data in this study were collected from the actual operation of the power company. The system
continuously records electrical values over time. In this study, both electrical-related and time-related features
are employed to diagnose the Total Active Power (TAP) of the three-phase low-voltage transformer station.

Electrical-related features used in this study include AP, RP, and the phase angle of each phase in the three-
phase system. These are fundamental quantities that directly reflect the process of power transmission and
consumption. AP represents the portion of energy actually utilized to perform work, RP reflects the energy
exchange between source and load caused by inductive or capacitive characteristics of equipment, while the phase
angle describes the displacement between voltage and current, thereby indicating the efficiency of operation and
the degree of phase imbalance in the system. The simultaneous combination of these 3 features across all 3 phases
enables the model to capture the complete operating state of the low-voltage transformer, from the magnitude of
energy consumption to the quality of power. In total, 9 electrical-related features are extracted.

The primary data was collected in 2024 (starting from January 14, 2024), with a small portion collected in
early 2025 (until January 3, 2025). There is no overlap in the dates between the two years. Additionally, there is
no significant difference between the data from the 2 years; therefore, the Year feature was excluded from this
study. Information regarding the Month was retained as itis relevant to electricity usage patterns, such as weather
and seasonal activities.

Information about the day of the month has no significant correlation with electricity usage and is therefore
eliminated. Conversely, information about the day of the week is extracted as it is related to industrial, economic,
and other activities. In Python, days from Monday to Sunday are encoded from 0 to 6. Since the day of the week is
cyclical, and to avoid algorithms mistakenly considering Monday and Sunday as being far apart, the information
about the day of the week is encoded into 2 features: “Day of week sine” and “Day of week cosine”. Similarly,
information about Hour, Minute, and Second is extracted into 2 features: “Hour sine” and “Hour cosine”. The time
encoding using sine and cosine is expressed by the following formulas:

- (2mt (D

tsin = Sin (T)
2mt 2
tCOSZCOS(T) (2)

Where, t denotes the time variable, specifically either Day of week or Hour. T represents the corresponding
period of t, more specially., 7 days for Day of week and 24 hours for Hour. tsin and tcs are the sine and cosine
encoded values of t, respectively. The plots of these encoded features are illustrated in Fig. 2. A value of 7 for Day
of week corresponds to Monday of the following week. Similarly, a value of 24 for Hour corresponds to 0:00 of the
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next day. In total, 4 time-related features are extracted. Together with the 9 electrical-related features, a total of
13 features are used to predict TAP.

1 Day of week cosine

0.5 Day of week sine 0.5

Hour sine

Features of Hour
=

-0.5F

Hour cosine

Features of Day of week
=

-

T 2 3 4 5 6 7 2 4 6 8 10 12 14 16 18 20 22 24
Day of week Hour
Features of Day of week Features of Hour

Fig. 2 Encoded time-related features

2.2.3 Data Scaling and Splitting

Following these preprocessing steps, the data is scaled to similar ranges. Since the features employed in this study
have significantly varying scales, feature scaling accelerates the convergence process during gradient descent-
based model training. Standardization is chosen as the feature scaling method. The data is divided into training
(70%) and test (30%) sets.

2.2.4 Feature Importance

To identify the most valuable features influencing the prediction, the mutual information (MI) method was
adopted for feature importance analysis. MI quantifies the amount of shared information between each feature
and the label, thereby measuring their statistical dependency. Unlike linear correlation coefficients, Ml is capable
of capturing nonlinear relationships between variables, which are common in real-life problems. By computing
MI scores for all features, the analysis highlights those with the strongest dependency on the label. In this study,
MI was estimated using the KNN-based estimator proposed by Kraskov [30].

2.3 Load Forecasting

2.3.1 Model Structure

In this study, DNN and ANN were used for load forecasting. DNNs and ANNs are commonly used for load
forecasting, demonstrating good performance [23-26, 31], and are used in this study. DNN can be considered as a
more complex version of ANN with more hidden layers and has been proven to be more effective than traditional
methods [32, 33].

In this study, the DNN model consists of 6 layers: 1 input layer, 3 hidden layers, and 1 output layer. The input
layer has 13 nodes, corresponding to 13 features, and the output layer has 1 node for predicting load power. The
4 hidden layers have 64, 32, and 16 nodes respectively (from input to output). The ANN model is similar, but it
only has 2 hidden layers (the first 2 hidden layers of the DNN model). The ANN model was chosen to be not
significantly different from the DNN model to facilitate the assessment of the relationship between model
complexity and performance.

In neural-network-based architectures, the number of hidden layer nodes is often chosen as powers of two
(for example, 16, 32, 64, 128, 256). Although this is not a strict requirement, it has become a common practice for
two main reasons. Firstly, parallel processors such as GPUs and TPUs are optimized to operate on data blocks
whose sizes are divisible by two, thereby improving computational efficiency and reducing memory overhead.
Secondly, many representative network architectures are designed with a doubling or halving rule for the number
of nodes to maintain consistency between feature compression and expansion [34]. For instance, VGGNet [35]
implements feature channels of 64-128-256-512, ResNet [36] adopts 64-128-256-512, while U-Net [37]
expands up to 1024 channels before symmetrically reducing them. Therefore, selecting hidden nodes as powers
of two has become a practical convention in modern deep learning model design.

In ANN and DNN models applied to prediction tasks, the number of hidden nodes typically decreases across
layers, or in some cases remains constant at certain intermediate layers before eventually decreasing. This design
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reflects the principle of feature compression, in which the initial layers extract and represent high-dimensional
input data, while subsequent layers focus on more relevant information and discard noise. Gradually reducing the
number of nodes not only improves generalization and mitigates overfitting, but also lowers computational cost
by reducing the number of trainable parameters. Consequently, the principle of gradual reduction, or maintaining
and then reducing nodes, has become a common design practice in ANN and DNN prediction models.

Based on experimental results with our dataset, the models with two or four hidden layers, corresponding to
the ANN and DNN in this study, achieved the best performance. The number of nodes was also tested with different
settings, but the outcomes were either worse or not significantly better; therefore, the standard configuration was
adopted.

Rectified Linear Units (ReLU) are commonly used as activation functions due to their fast convergence.
However, if the input is always negative, it can lead to the "dying ReLU" problem, where the corresponding node
ceases to learn. A variant of ReLU, Leaky ReLU, uses a small slope for the negative part of the input to address this
issue. In this study, Leaky ReLU is used as the activation function in the hidden nodes.

2.3.2 Loss Function

Mean Squared Error (MSE) and Mean Absolute Error (MAE) are often used to evaluate the difference between
predicted values and actual values of data. MSE and MAE are calculated based on the following formulas:

1 S 2
MSE= (3 -5) 3)
j=1
1 n
MAE =) |0 9) @
j=1

Where, n signifies the sample size, y; is the actual outcome for the j-th data point, and J; is the model's
prediction for the same data point.

Both of these metrics compare predicted values to actual values of the data. However, while MAE calculates
the absolute value of the difference, MSE calculates the square of the difference between the two values. This
causes MSE to penalize larger differences more than MAE, but also makes MSE more sensitive to outliers [38].

Overall, MSE offers better overall benefits, but MAE should also be considered to increase the model's stability.
Therefore, several hybrid approaches combine these two metrics to leverage the advantages of both [38-41]. In
this study, the DNN's loss function is a sum of 90% MSE and 10% MAE. This combination helps the model perform
well under normal conditions, but is more stable when anomalies occur.

2.3.3 Evaluation Metrics

A total of three metrics was used to evaluate the models, including MAE, Root Mean Square Error (RMSE) and R-
squared (R?). These metrics are specifically designed to measure the accuracy of continuous variables and are
commonly applied in the field of electricity load forecasting. The loss function is not used for evaluation because
it is difficult to assess and also difficult to compare results with other models.

MAE has been mentioned in equation (3), while RMSE is simply the square root of MSE in equation (4). RMSE
is used instead of MSE because it has the same unit as MAE and the predicted quantity (kW). R2is calculated based
on the following formula:

RZ=1— 27]1:1(3/]' - 37]')2 )
Z7=1(Yj _37)

Where, n signifies the sample size. y; is the actual outcome for the j-th data point, J; is the model's prediction
for the same data point, and y is the mean of y;. R2 represents the proportion of variance that the predicted model
explains.

3. Results and Discussion

3.1 Active power distribution

Fig. 3 shows the Active Power (AP) distribution of the system at 3 phases after data correction, comprising a total
of 17,407 data points (time is labeled in the format “yyyy-mm,” e.g., “2025-01" denotes January 2025). Analyzing
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the processed power profiles is a crucial step in assessing data quality and identifying any remaining anomalies
or patterns of interest. Please note that the corresponding stick of a month is placed at the beginning of that month.
Thus, the time period of each month in the figure is shown from the stick of that month to the stick of the following
month.

From early 2024 until early February, the power capacity was relatively stable, fluctuating between 50-125
kW. From March to May 2024, the capacity increased significantly, at times exceeding 175 kW. This correlation
could be attributed to the peak temperatures in Ho Chi Minh City occurring around April, leading to a surge in
demand for air conditioners and fans. From June to August 2024, the capacity decreased and stabilized, ranging
from 25-100 kW. In the last quarter of 2024, the capacity increased again and fluctuated significantly between 50-
150 kW.

The AP profiles of phases A, B, and C are depicted in red, green, and blue on the graph. Phase C demonstrates
the highest power magnitude and significant variability, whereas phase B exhibits the lowest power level. Phase
A maintains the most consistent power output. A notable phase imbalance is observed during the peak months of
July, August, and September. The occurrence of zero power points may be attributed to system faults or scheduled
maintenance.

The data in this study was collected from 01:30:00 on January 14th, 2024, to 04:30:00 on January 3rd, 2025,
covering a period of less than one year. This limits the ability to analyze and predict TAP in relation to annual
seasonal patterns at the intervals where data is missing. This shortcoming should be addressed in future work by
improving the data collection process.

\ Peak
175 4
150
— 125 A
2
E o
5 1001
=]
faf
(%]
2751
[
<
50
25 1
Significant [—— Phase A
Relatively Peak Low and stable ﬂugctuation .
0 1 stable —@ —— Phase C
2024-01 2024-03  2024-05 2024-07 2024-09 2024-11 2025-01
Time

Fig. 3 Active power distribution at 3 phases

3.2 Feature Importance

Fig. 4 demonstrates the relative importance of 13 features based on MI. AP of the 3 phases exhibits the highest
significance compared to other features, indicating that they are the most crucial predictors of load.

The next most important features are reactive power, angle in the three phases, and features related to the
hour. Reactive Power (RP) and Angle have similar values in representing AP in the same phase, thus their
importance levels are similar. The electrical features related to phase C have a higher level of importance
compared to the other two phases.
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Hour-related features are important because they are related to daily electricity usage patterns. Meanwhile,
features related to the day of the week have the lowest level of importance. This result suggests that the level of
electricity consumption is less related to the day of the week, but has a significant dependence on the time of day.

Feature Importance (Mutual Information)

1.2 1

1.0 1

0.8 1

MI Score

0.6

0.4 1 0.350

0.255

0.254

0.2 1
0.088

Features

Fig. 4 Feature importance (mutual information) of 13 features

Fig. 5 displays a correlation matrix of 14 variables, including 13 features and TAP, visualized as a heatmap for
better clarity. TAP has a very strong correlation with AP-C (0.96), followed by AP-A (0.96) and AP-B (0.95). This
result aligns with Fig. 4, where the 3 AP values are shown to be crucial for predicting TAP.

In an ideal three-phase system, the AP values in each phase are balanced to optimize system performance.
However, in practice, due to load variations, these values often exhibit small discrepancies. In this study, the AP
values also showed a high correlation with each other (0.88-0.90).

This study uses data from low-voltage substations to ensure practical relevance, rather than building a
dedicated data acquisition system. However, these substation datasets only record electrical information and lack
temperature data. In Ho Chi Minh City, Vietnam, the annual temperature varies within a narrow range of
approximately 28 °C-33 °C, yet it can still affect electricity demand for devices such as air conditioners and fans.
In the future, a temperature monitoring system will be developed and integrated into the existing data collection
framework, allowing both its utilization and the evaluation of its potential as a feature for TAP prediction.

3.3 Load Patterns

Fig. 6 illustrates the daily and weekly load patterns of the system, spanning from 00:00 to 23:00 hours and from
Monday to Sunday, respectively. From 00:00 to 06:00, corresponding to people's sleep time, the power
consumption is at its lowest, followed by a rapid increase. During working hours from 08:00 to 17:00, the power
consumption is high, with two peaks at 11:00 and 14:00. The period from 12:00 to 13:00 represents the trough
between the two peaks, corresponding to lunchtime. After 16:00, the power consumption starts to decrease
rapidly and returns to the initial low state. It can be seen that from Monday to Friday, the levels of electricity
consumption are similar, then decrease on Saturday and continue to decline on Sunday. This is related to the
working culture in Vietnam, where most employees work from Monday to Friday, with a considerable proportion
working either full day or only in the morning on Saturday, and the majority having Sunday off. The above charts
show a significant relationship between Hour and Day of the week with electricity consumption levels. Therefore,
the features related to them may contain useful information for predicting TAP.
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Fig. 5 Correlation matrix of 13 features and total active power

3.4 Model Evaluation

Besides the aforementioned DNN and ANN models, 2 other similar models were trained and tested for
comparison. These models have similar structures to the original two, but only have 3 nodes in the input layer,
corresponding to the 3 features with the highest Ml indices, which are AP in the three phases. In total, four models
were developed, representing all combinations of the two algorithm types (DNN and ANN) and the two feature
groups: one with 13 features (AP, RP, and Angle of each phase; Hour sine, Hour cosine, Day of week sine, and Day
of week cosine), and one with 3 features (AP of the three phases).

Table 1 presents the performance of the 4 TAP prediction models. The R? values of all models are not
significantly different and are no less than 0.9965. This indicates that all models can predict the load relatively
effectively.

DNN model with 3 features achieved lower MAE and RMSE compared to the DNN with 13 features. This can
be explained by the fact that DNN has a complex structure with many parameters, which makes it more prone to
overfitting when the number of features is large while the training data is limited. Reducing the number of features
makes the model more compact, enhances generalization ability, and consequently improves prediction accuracy.

For ANN, due to its simpler structure and fewer parameters, it is less sensitive to overfitting compared to
DNN. With 13 features, ANN can take advantage of the additional information to reduce RMSE, although its MAE
remains higher. Conversely, with 3 features, ANN maintains a lower MAE but results in a higher RMSE because
the model cannot fully capture the characteristics of the data.

Comparing the 2 models, DNN with 3 features produces the best results. This is because DNN, with its deeper
architecture and larger number of parameters, has a stronger capacity to learn and extract complex features from
the data. When the number of features is reduced, DNN is able to effectively utilize the essential information while
avoiding overfitting under limited data conditions, thus achieving the lowest MAE and a competitive RMSE. In
contrast, ANN, being simpler and with fewer parameters, has less flexible data representation ability; increasing
the number of features helps ANN improve RMSE but it cannot achieve the same consistent accuracy as DNN.
Therefore, DNN demonstrates superior performance in the limited-data context of this study.
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Daily Load Pattern

—— Mean

400 -

Standard Deviation

300

200

Total Active Power (kW)

100

0 5 10 15 20
Hour

Weekly Load Pattern

350

—— Mecan
Standard Deviation

300

250 A

200 -

Total Active Power (kW)

150

0 1 2 3 4 3 6
Day of Week

Fig. 6 Daily and weekly load patterns

Overall, the DNN with 3 features can be regarded as the best model, since it achieves the lowest MAE (1.9089),
a competitive RMSE (4.2880), a similar R2 (0.9971), and avoids overfitting thanks to the reduced number of
features. Meanwhile, ANN with 13 features achieves a lower RMSE but at the cost of a higher MAE, indicating less
stable performance.

For reference, several studies have reported the following results. A hybrid ensemble deep learning (HEDL)
model for load forecasting achieved MAE = 4.24 and RMSE = 6.25 under the best conditions [42]. A sensitivity-
enhanced recurrent neural network (SERNN) combined with particle swarm pptimization (PSO) and Bayesian
optimization (BO) for hosting capacity forecasting reported RMSE values of 0.38 and 0.31, with R? scores of 0.97
and 0.98 on the IEEE-123 network and a real Australian dataset [40]. Using household load data, the clustering-
based LSTM model achieved the best performance, with an MAE of 0.0033 and an RMSE of 0.054, owing to the
repetitive and predictable nature of household consumption patterns [39]. However, these metric values should
be considered only as reference points, since they strongly depend on the chosen approach and the diversity of
the datasets.

Table 1 Performance of TAP prediction models

Metric DNN models ANN models Metric note
13 features 3 features 13 features 3 features

MAE 2.2968 1.9089 2.5905 2.1183 Lower is better

RMSE 4.4035 4.2880 4.1777 4.6091 Lower is better

R2 0.9969 0.9971 0.9965 0.9966 Higher is better

Penerbit
UTHM



Int. Journal of Integrated Engineering Vol. 17 No. 9 (2025) p. 58-70 67

4. Conclusions

The study collected real-world data from a low-voltage substation operating in Vietnam and applied multiple
preprocessing steps to address data issues arising from actual operational conditions, rather than relying on pre-
cleaned or publicly available datasets. Furthermore, incorporating 10% MAE (alongside 90% MSE) in the loss
function helps mitigate the model’s sensitivity to outliers under real-world conditions. This approach emphasizes
practical engineering problem-solving rather than purely academic experimentation.

A total of 13 features were selected for TAP prediction, including per-phase AP, RP, and Angle (9 features);
Hour sine, Hour cosine, Day-of-week sine, and Day-of-week cosine. Due to the large number of features and their
highly nonlinear relationships, feature importance was evaluated using Kraskov’s method instead of simple
correlation analysis.

Ideally, three-phase loads should be balanced to ensure efficient operation. However, there are often
disparities between phases due to load variations. The AP distribution analysis indicates that phase A has the
highest load contribution, while phase B has the lowest. Feature importance analysis based on MI also shows that
electrical features in phase C are more significant than those in the other phases. Nevertheless, the pairwise
correlation between phases remains high, ranging from 0.88 to 0.90.

MI analysis reveals that 3 AP features have significantly higher predictive value for TAP compared to the
remaining features. These 3 features also exhibit a very high correlation with TAP (0.95-0.96) and with each other
pairwise (0.88-0.90). Model evaluation results also show no significant difference in R? values between models
using 13 and 3 features. Given 17047 data points and the corresponding model complexity, the DNN model with
3 features achieves the best performance, with MAE, RMSE, and R? values of 1.9089, 4.2880, and 0.9971,
respectively. For comparsion, R? of related sudies, are 0.918 with generalized linear model-based load forecasting
benmark model [43], 0.984 with hybrid deep learning framework [44], and 0.965 with multivariate polynomial
regression model [45]. Therefore, with the current number of data points, features other than AP contribute more
to noise than to load forecasting. In future studies, the number of data points needs to be improved to better
evaluate the features. Additionally, other features could be considered for use.
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