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Data-Driven Intelligence: Machine Learning
Models for Short-Term Load Forecasting of a

Substation Distribution Transformer

Shilpa Aralasurali Subramanya† andA. N. Nagashree , Non-members

ABSTRACT
With the increasing complexity of modern power

distribution networks and the rising demand for reliable
electricity, accurate load forecasting at the distribution
level has become essential for efficient energy man-
agement. This work presents a performance-focused
analysis of machine learning based short-term load fore-
casting (STLF) of a substation distribution transformer
(SDT). Two STLF methods are proposed: (i) Direct load
forecastingmethod: directly forecasts the SDT load using
a dedicated SDT load model; (ii) Feeder aggregation
method: forecasts individual feeder load using feeder
specific load model and aggregates them with optimized
weights to estimate the SDT load. Both methods perform
real and reactive power forecasting with a half-hour-
ahead prediction horizon and five-minute resolution. The
models are trained and tested on data collected from
an actual SDT and its connected feeders, ensuring real-
world relevance and reliability. The proposed STLF
methods offers practical insights for utility operators and
system planners by supporting better informed decision-
making in short-term load management.

Keywords: Distribution feeder, Genetic algorithm
optimization, Model ensembling, Neural network model,
Substation distribution transformer, Tree-based model

1. INTRODUCTION
Distribution-level loads are often dominated by large

consumers such as industries, commercial buildings,
schools etc. These kind of large, diverse and dynamic
loads of consumers at the distribution-level often results
in a more unpredictable load profile[1]. Electricity
demand at the distribution level is also influenced by
numerous external variables such as energy prices,
weather conditions, demographics and calendar-related
factors[2], hence load forecasting at the distribution
level is more challenging[3]. The accurate STLF at
the distribution level has become further complicated[4]
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due to the rise in bidirectional power flow, storage,
dynamic demand and the growing unpredictability of
load behaviors[5].

STLF at the distribution substation level can be
carried out using both classical statistical (CS) methods
and machine learning (ML) methods[6], based on the
required application, availability of data, complexity of
the system and desired accuracy. CS methods are easier
to implement and interpret, requiring less computational
resource and training data. However, they may not be
able to capture complex, nonlinear patterns in highly
variable load data. Some of the CS methods used for
STLF at distribution level include simple linear regres-
sion, polynomial regression[7], time series models like
ARIMA[8][9] etc. In contrast, ML methods are capable
of modeling complex relationships and nonlinearities,
making them more suitable for real-world distribution
systems. But ML methods require larger datasets for
training and require more computational resources for
implementation. The increasing digitalization of the grid
and the widespread adoption of smart devices have led
to access to larger datasets, making ML methods more
viable for load forecasting. Some of theMLmethods used
are neural networks[10][11][12][13][14], support vector
regression[15][16], regression tree[17] etc.

ML methods can be further extended as hybrid
machine learning approaches (HMLA) and ensemble ap-
proaches (EA) to address complex forecasting tasks. The
HMLA integrates different learning techniques within a
single model to improve forecasting accuracy[18][19]. In
contrast, EA focus on aggregating the outputs of multiple
models to enhance predictive performance[20][21]. The
EA uses weights to aggregate the outputs of multiple
models. Traditional EA methods often rely on fixed
weights or simple averaging method while aggregating
the model predictions which may not always yield
optimal results. The metaheuristics EA algorithms such
as genetic algorithms (GA)[22][23][24], particle swarm
optimization, ant colony optimization etc. can dynami-
cally optimize the aggregation process. These algorithms
explore a wide range of possible weight configurations
and thus help to minimize forecasting errors and improve
the quality of the aggregated prediction[25].

The STLF at the distribution level helps in carrying out
effective system balancing, voltage regulation, demand-
side management, reduce CO2 emission and other critical
functions that ensure the stability and efficiency of the
distribution grid[26][27]. The STLF of the transformer
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provides valuable information for optimizing substation
operating schemes and planning equipment maintain
activities[28]. It also helps to ensure that the transform-
ers are neither overloaded nor underutilized, thereby
optimizing transformer’s lifespan[29] and the overall
system efficiency.

Forecasting of real power (P) helps in transformer
loading assessment, peak demand management and
energy consumption planning, thereby preventing over-
loading and improving asset utilization. Forecasting of
reactive power (Q) assists in operational decisions such
as capacitor bank switching, on-load tap changer control
and feeder voltage profile management. It also helps in
maintaining acceptable power factor levels and reducing
reactive power losses in the distribution network[30].
Since transformer loading and voltage profile depend on
both P and Q, accurate forecasting of both P and Q is
necessary for reliable and efficient distribution system
operation.

This paper focuses on STLF of a SDT and its connected
feeders. The SDT is situated in Bengaluru, a city with
a tropical climate and relatively stable temperatures.
However, in recent years, widespread adoption of cooling
systems and Electrica vehicles (EVs), increased commer-
cialization, rising summer temperatures due to global
warming have significantly raised the load on the city’s
electrical distribution grid. Hence in this paper, STLF has
been primarily conducted with a focus on summer load
patterns.

Themain contribution of this work is the development
and evaluation of STLF for SDT using two different mod-
eling methods: Direct Load Forecasting Method (DLFM)
and Feeder Aggregation Method (FAM). In the FAM, a
GA-based weighted aggregation technique is introduced
to improve SDT load estimation accuracy by optimally
representing the contribution of individual feeders. GA-
based weighted aggregation enables dynamic adoption
to the distribution network condition. In addition, the
work presents forecasting of both P and Q at feeder and
SDT levels at five-minute intervals to capture detailed
variations in load behavior.

2. DATA COLLECTION
2.1 Load Data Collection

Load data used in this study is from a 12.5 MVA,
66/11 kV SDT, serving a mix of residential, commercial
and industrial customers. The SDT is connected to
five number of 11 kV distribution feeders that supply
power to the different customer segments. The data
was collected from the Supervisory Control and Data
Acquisition (SCADA) system during the summer months
of March and April 2024. The system recorded load
data at one-minute intervals for both the SDT and its
associated feeders. This one-minute data was averaged
and converted into five-minute time step data for further
analysis, subsequently used to identify the average daily
load profiles for both the SDT (Fig. 1(i)) and all feeders
(Fig. 1(ii) to Fig. 1(vi)).

The SDT weekday (WD) and weekend/holiday (WE)
load profiles of both P and Q are shown in Fig. 1(i). The
daily load range are indicated using slashed vertical lines
and the mean daily load are indicated using thick line.
SDT daily WD load profile exhibits low demand during
00:00 to 06:00 hours indicating minimal residential,
commercial and industrial activities. Subsequently the
load demand increases in the morning called as morning
peak hours from 08:00 to 11:00. Following this period,
the demand begins to stabilize until 18:00. Around 18:00
load demand increases and then gradually decreases by
midnight. A similar load pattern can be observed in the
WE curve too. In the weekdays the typical peak load was
around 10MWwhile in the weekend it was around 8MW.

The feeders connected to the SDT comprise F1 (com-
mercial), F2 & F3 (industrial) and F4 & F5 (mixed).
Among these, F5 contributes the largest share of the
total SDT load. Fig. 1(ii) to Fig. 1(vi) shows the
WD and WE load profiles of P and Q for each feeder.
Feeders serving commercial/mixed loads, such as F1 and
F4, show similar demand patterns on both WD and WE
due to ongoing certain commercial activities, such as
retail and essential services, during weekends. But for
the feeders serving industrial/mixed loads such as F2,
F3 and F5, the WD and WE load curves differ due to
the closure/reduced operation of industrial facilities and
other loads on weekends.

2.2 Weather Data Collection

Two summer months weather data, including ambient
temperature (T) and relative humidity (H), have been
collected at five-minute intervals using two number of
Arduino IoT setups. Each setup consists of Arduino Uno
boards, DHT11 humidity sensors, DS18B20 temperature
sensors, Wi-Fi connectivity for data transmission, power
supplies, breadboards, jumper wires and USB-B type
cables. The data processing is managed through the
Arduino Integrated Development Environment (IDE).

To enhance the accuracy of the readings, the Arduino
IoT setups were strategically placed in the north-east and
south-west directions. The average of the data from these
two locations provides a more reliable estimate of outside
ambient data. The sensors were installed at a height of 6
feet above ground, adhering to standard meteorological
practices. The daily average T and H data collected over
two months, along with their influence on SDT load are
shown are shown in Fig. 2. The top plot shows the
variation of P and Q, while the bottom plot shows the
variation of T and H over a typical working day.

3. METHODOLOGY

3.1 Model Development

The model development includes the following steps:
Feature engineering, Feature relevance analysis, ML
algorithms used and Evaluation metrics used. Each of
these sections is described in detail below.
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Fig. 1: Average daily load profiles: (i) Substation distribution transformer (ii) F1-Commerical feeder (iii) F2-Industrical
feeder (iv) F3-Industrical feeder (v) F4-Mixed-type feeder (vi) F5- Mixed-type feeder.

3.1.1 Feature Engineering

Historical Short-Term Average (Psa/Qsa): This feature
captures the historical average of P/Q values from the
previous four working days (for WD) or two week-
end/holidays (for WE) at the same time step. By
averaging over multiple days at the same time step, it
highlights relevant recent trends and cycles, making it

useful for mitigating periodic patterns and noise in the
data. For instance, to predict P/Q at 2:00 PM on a WD,
the average P/Q values from 2:00 PM on the previous
four working days are calculated. For WE predictions,
the same time on the last two weekend days is used.

Historical Rolling Average (Pra/Sra): This feature
represents the rolling average of P/Q values computed
over the last 30 minutes leading up to the prediction time.
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Fig. 2: Influence of weather on substation distribution
transformer load.

It further averages this short-term rolling average over
the previous four days (for WD) or two days (for WE).
By averaging over multiple days at this timeframe of 30
minutes, it provides a smoothed short-term trend while
reducing the impact of fluctuations. For instance, to
predict P/Q at 2:00 PM on aWD, average P/Q values from
1:35 PM to 2:00 PM are considered and averaged over the
last four working days. For WE predictions, the same
timeframe on the last two weekend days is considered.

Lagged demand (Plag/Qlag): This refers to the lagged
observation obtained from averaging P/Q values com-
puted over the previous 30 minutes from the same day.
For instance, for predicting P/Q at 2:00 on any WD/WE,
the average P/Q values from 1:00 to 1:30 PM on the same
day is calculated.

Additionally, the factors such as calendar inputs (time
of day, day of the week and holidays), consumer behavior
(commercial, industrial and residential types), T and H
have an impact on load variations, as shown in Fig. 1 and
Fig. 2 respectively.

3.1.2 Feature Relevance Analysis
Feature relevance analysis was carried out using both

correlation matrix and feature importance analysis. Cor-
relation matrix was used to understand the relationship
between exogenous variables and load demand, while
feature importance analysis evaluates the contribution of
input features to the prediction model.

The corelation of P and Q with weather are shown
in Fig. 3. The positive correlation between P and T,
especially for SDT and feeders-F1, F3, F5 indicates that
as T increases, P also increases. The negative correlation
between P and H, indicates that when H increases the P
reduces. Similar patterns were observed with Q-demand
showing positive correlations with T and negative with
H. These patterns highlight the influence of weather on
load behaviour.

The feature importance analysis shown in Fig. 4
indicates that both P and Q forecasting are primarily
influenced by historical short-term averages. For P fore-
casting, historical averages dominate, followed by lagged

Table 1: Input data for ML models.

Input
data

Input data
utilized for
prediction

of P

Input data
utilized for
prediction

of Q
Historical
short-term
average

Psa Qsa P in kW

Q in kVARLagged
input Plag Qlag

Historical
rolling
average

Pra Qra

Weather
factors

T
H

T
H

T in 0C
H in %

Calendar
inputs

TOD
WD
WE

TOD
WD
WE

HH:MM
1 for WD
0 for WE

inputs and weather variables, reflecting both periodic
consumption patterns and environmental influence. The
Q forecasting exhibits relatively higher dependence on
lagged inputs, indicating greater sensitivity to short-term
system variations.

Table 1 shows a summary of the input data utilized
in the development of the ML models. Historical values
capture general patterns and trends, while lagged values
capture specific temporal dependencies and short-term
dynamics. The calendar input is considered by taking
WD as 1 and WE as 0 respectively.

3.1.3 ML algorithms used

Given the diverse characteristics of the feeders and the
SDT, a set of ML models have been developed for STLF
task. This includes three types of tree-based models:
Light Gradient Boosting Machine (LGBM), XGBoost
(XGB) and Random Forest (RF), as well as two neural
network models: Feedforward Neural Network (FNN)
and Long Short-Term Memory (LSTM) networks.

3.1.4 Evaluation metrics used

To gauge the performance and predictive accuracy of
the models, a range of evaluationmetrics were employed.
These metrics include: (i) Mean Absolute Error (MAE):
which measures the average magnitude of errors in a
set of predictions without considering their direction.
(ii) Mean Absolute Percentage Error (MAPE): which is
useful for understanding error in percentage terms. (iv)
Coefficient of Determination (R2): which indicates the
proportion of variance explained by the model, providing
insights into the model’s goodness of fit. The evaluation
metrics are expressed as below:

𝑀𝐴𝐸 = 1𝑛𝑛
𝑛𝑛

∑𝑖=1 |𝑦𝑖 − 𝑦𝑖| (1)
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Fig. 3: Correlation of real and reactive power with weather variables.

Fig. 4: Feature importance analysis for real and reactive power forecasting.

𝑀𝐴𝑃 𝐸 = 100%𝑛𝑛 ∫𝑛𝑛
𝑖=1 |𝑦𝑖 − 𝑦𝑖𝑦𝑖 | (2)

y = 1𝑛𝑛 ∫𝑛𝑛
𝑖=1 𝑦𝑖 (3)

𝑅2 = 1 − ∑𝑛𝑛𝑖=1 (𝑦𝑖 − 𝑦𝑖 )2
∑𝑛𝑛𝑖=1 (𝑦𝑖 − 𝑦 )2 (4)

Where:
y𝑖=Actual/observed value;𝑦𝑖=Predicted value; nn=Number of observations;𝑦=Mean of observed values
Table 2 shows the performance evaluation criterion

used to assess the developed ML models and Table 3
shows the MAE performance criteria set for the work.

3.2 Short Term Load Forecasting
The collected dataset was cleaned by removal of

irrelevant, duplicate and incorrect data. Abnormal data
were addressed using horizontal and vertical processing

Table 2: Performance evaluation criterion for feeders and
SDT.

Evaluation
metrics

Ideal
values

Set
criterion

MAE
(kW/kVAR) ≈0

Based on data scale
(P≤ 5% of mean load
Q≤ 10% of mean load)

MAPE (%) 0% to 15% P≤5%, Q≤10%
R2

(Ratio between
0 and 1)

≥0.9
(excellent) ≥0.9

Table 3: MAE performance criteria for feeders and SDT.

MAE F1 F2 F3 F4 F5 SDT
P

(kW) ≤110 ≤30 ≤45 ≤25 ≤165 ≤375

Q
(kVAR) ≤70 ≤15 ≤30 ≤15 ≤70 ≤225
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Fig. 5: The overall framework for short term load forecast-
ing of a substation distribution transformer.

techniques by employing Python libraries Pandas and
NumPy. Missing values were managed using the Python
Pandas interpolate (linear) method.

The dataset considered consists of 17,280 samples,
with 11,808 corresponding to WD datasets and 5,472 to
WE datasets. Each ML model was trained, tested and
evaluated: (i) Trained using 80% of the dataset and tested
on the remaining 20%. (ii) Evaluated on an unseen dataset
consisting of 288 samples fromApril 30, 2024. The overall
framework for STLF of a SDT is shown in Fig. 5 and the
description of each STLF method is provided thereafter.

3.2.1 Direct load forecasting method (DLFM)
The DLFM focuses exclusively on forecasting the load

of the SDT by modelling its behaviour independently,
without considering the complexities of individual feed-
ers. This approach develops a data-driven load model
for the SDT using the historical, lagged and exogenous
input variables described in Table 1 to directly predict the
SDT’s load for short-term periods.

3.2.2 Feeder aggregation method (FAM))
The FAM is an ensemble-based approach that begins

with forecasting the load of individual feeders using
feeder specific load model (FSLM) for the feeders. The
FSLM refers to the load model for either a single feeder
or a group of feeders that exhibit similar load behaviour
or profiles. When feeders show comparable load char-
acteristics, they can be grouped together, allowing a
single model to represent their load behaviour. In
the current work, the feeders were of different types,
necessitating the development of separate load models
for each individual feeder. Once individual feeder
forecasts are obtained, the next step is to aggregate these
forecasts to estimate the SDT load. Instead of using
a simple summation, which may propagate individual
feeder errors, an optimized weighted aggregation is
employed. This approach minimizes overall forecasting
error at the SDT level while preserving feeder-level

Fig. 6: Feeder load aggregation using GA.

forecast accuracy.
The step-by-step procedure to determine optimal

feeder weights using GA is shown in Fig. 6. The
GA begins by initializing a population of individuals,
where each individual represents a candidate solution
comprising randomly assigned feeder weights. A fitness
function formulated using MAPE evaluates the accuracy
of each solution by comparing the weighted sum of
feeder loads with the actual SDT load.

In the proposed GA-based aggregation framework,
each candidate represents a set of feeder-specific weigh-
tages, where every feeder is assigned with its weight
based on its load characteristics and type. Since the
feeders connected to the SDT exhibit heterogeneous
behaviour, the GA optimizes these weight values rather
than treating all feeders equally. The objective is to
determine a weight for each feeder such that, when the
weighted feeder forecasts are aggregated, the resulting
combined prediction closelymatches the actual SDT load.
Thus, the GA searches for the optimal feeder-weight
vector that minimizes the SDT-level forecasting error.

The optimization process proceeds through iterative
generations, applying three primary genetic operators:
Selection, Crossover and Mutation. Selection identifies
the fittest individuals based on their fitness values, ensur-
ing that better-performing solutions have a higher prob-
ability of contributing to the next generation. Crossover
combines weight vectors from two selected parents to
generate offspring, thereby exploring new regions of
the search space through recombination. Mutation
introduces small random perturbations to individual
weights, maintaining population diversity and prevent-
ing premature convergence. The process continues until
either the maximum number of generations is reached
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or the fitness value falls below a specified threshold,
ensuring convergence toward an optimal or near-optimal
set of feeder weights.

3.2.3 Mathematical formulation
The aggregation is expressed as:

𝑃𝑆𝐷𝑇 (𝑡) = 𝑛
∑𝑖=1 𝑤𝑖𝑃𝐹 𝑖(𝑡) (5)

𝑄𝑆𝐷𝑇 (𝑡) = 𝑛
∑𝑖=1 𝑤∗𝑖 𝑃𝐹 𝑖(𝑡) (6)

where:
P𝐹 𝑖(t), Q𝐹 𝑖(t) = predicted real and reactive power of

feeder i at time t
P𝑆𝐷𝑇 (t), Q𝑆𝐷𝑇 (t) = actual SDT real power and reactive

power at time t
w𝑖, w𝑖∗ = optimized weights for real and reactive

power aggregation
n = number of feeders

3.2.4 Objective function:
The goal is to minimize the difference between the

aggregated SDT forecast and the actual SDT load. To
achieve this, the GA employs a fitness function based on
the MAPE expressed as:

𝑓(𝑤) = 𝑀𝐴𝑃 𝐸 (
𝑛

∑𝑖=1 𝑃𝐹 𝑖 (𝑡) , 𝑃𝑆𝐷𝑇 (𝑡)) (7)

𝑓(𝑤∗) = 𝑀𝐴𝑃 𝐸 (
𝑛

∑𝑖=1 𝑄𝐹 𝑖 (𝑡) , 𝑄𝑆𝐷𝑇 (𝑡)) (8)

3.2.5 Constraints:

𝑛
∑𝑖=1 𝑤𝑖 = 1 𝑤𝑖 ∈ [𝐿𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑, 𝑈𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑] (9)

The lower bound prevents any feeder from being
completely ignored in the aggregation process, thereby
ensuring that all feeders contribute meaningfully to
the SDT-level forecast. Conversely, the upper bound
of 0.7 restricts any single feeder from dominating the
aggregated prediction, which promotes balanced rep-
resentation across feeders and mitigates the risk of
overfitting to the load profile of one particular feeder.

3.2.6 GA configuration:
• Population size: 100• Max generations: 50 per run• GA runs: 10• Crossover probability: 0.5• Mutation probability: 0.3• Weight bounds: [Lower bound Upper bound] = [0.05,
0.70]

• Termination: Max generations or fitness threshold
– f(w): P threshold: MAPE ≤ 5%
– f(w*): Q threshold: MAPE ≤ 10%

4. RESULT
The forecasting was conducted for 30𝑡ℎ April 2024,

which consists of a total of 288 data points. Data from
April 30th were not included in the training or testing
phases of the ML model development and were entirely
new to themodels. Themodel performed half-hour ahead
load forecasting, with predictions made at five-minute
intervals. The evaluation metrics for SDT and feeder load
forecasting using different ML models are given in Table
4.

For the DLFM (SDT load prediction: given under
the column “SDT” in Table 4), LGBM model achieved
the lowest MAE and MAPE values and the highest R²
among all the considered models. The MAE and MAPE
values were within the acceptable limits and the R²
value exceeded 0.9, indicating good prediction accuracy.
Although RF, XGB, LSTM and FNN produced reasonable
results, their performance was comparatively inferior in
terms of error metrics and goodness of fit. Therefore,
LGBM was selected as the most suitable model for SDT
load forecasting under the DLFM framework.

Similarly, for the FAM (feeder-level load prediction
using FSLM: given under the columns “F1, F2, F3, F4
and F5” in Table 4), LGBM performed better compared
to the other models for both active and reactive power
forecasting across all feeders. The LGBM model con-
sistently produced lower MAE and MAPE values while
maintaining high R² values. Hence, LGBM was selected
for feeder-level forecasting in the FAM framework.

After multiple GA runs, the best weights obtained for
P and Q aggregation are:

1. w𝑃 = [0.12, 0.08, 0.08, 0.07, 0.65]
2. w𝑄 = [0.44, 0.06, 0.06, 0.05, 0.39]
The weight distribution reflects the relative contri-

bution of each feeder to the SDT load as well as the
load characteristics of the connected consumers. Feeder
F5, being the largest contributor to SDT load, received
the highest weight for P (⁇) and a significant weight
for Q (⁇). Feeder F1, being a commercial feeder has a
moderate weight in P (⁇) but has the highest Q weight
(⁇). Commercial buildings consume high active power
due to continuous HVAC, lighting, equipment usage etc.
Their reactive power demand is also substantial because
of inductive loads like HVAC systems, lighting and other
motor-driven equipment commonly found in commercial
buildings. Feeders F2 and F3, which represent industrial
loads and contribute smaller shares to the SDT demand,
were assigned lower weights for both active and reactive
power (0.08 for P and 0.06 for Q). The smaller weights
are attributed not only to their lower contribution to
the SDT load but also to the presence of power factor
correction in industrial loads and their relatively stable
P demand. Mixed Feeder F4, being the smallest load
contributor under SDT has a moderate P weight (⁇) and
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Table 4: Evaluation metrics for load forecasting of SDT and feeders.

Fig. 7: Load on Substation distribution transformer: Feeder aggregation method (using Feeder aggregated load model)
with temperature and humidity.

minimal Q weight (⁇).

The forecasted P and Q loads for the SDT in DLFM

and FAM using the chosen LGBM models along with T
and H are shown in the Fig. 7. On the prediction day,
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Table 5: Evaluation metric for DLFM and FAM on the
forecasting day.

Evaluation
metric

DLFM FAM
P Q P Q

MAE (kW) 259 153 213 159
MAPE (%) 1.95 3.30 1.42 3.85

R2 0.97 0.96 0.99 0.94

the average T was approximately 32.0∘C, with a peak of
38.0∘C at 15:30 and a low of 24.18∘C at 04:15. H levels
averaged around 25.5%, reaching a maximum of 61.78%
at 04:55 and a minimum of 15.5% at 14:40. The evaluation
metrics for DLFM and FAM on the forecasting day, i.e.,
April 30th, are given in Table 5. The evaluation metric
indicates that DLFM is more effective for predicting Q,
while FAM is superior for predicting P.

DLFM is suited for predicting Q as Q tends to be
more stable at the SDT level, eliminating the need to go
further down at the feeder level. The SDT-level data itself
effectively captured the Q demand. FAM is more effective
for predicting P because each feeder’s load fluctuates due
to varying consumer behaviors and the aggregation of
individual feeder loads offered a detailed granular view of
each feeder’s P contribution to the SDT.Thus, developing
individual feeder-specific models and their aggregation
through optimization techniques yielded more accurate
P demand prediction.

5. CONCLUSION
In this paper, two machine-learning based methods

for STLF, namely DLFM and FAM are presented for pre-
dicting active and reactive power of an SDT. Among the
models evaluated, the LGBM resulted in most accurate
performance in predicting both real and reactive power.

DLFM exhibited better performance in forecasting
reactive power (MAE of 153KVAR, MAPE of 3.3% and
R2 of 0.96) compared to FAM (MAE of 159KVAR, MAPE
of 3.85% and R2 of 0.94). The FAM was more effective
for forecasting real power (MAE of 213kW, MAPE
of 1.42% and R2 of 0.99) compared to DLFM (MAE
of 259kW, MAPE of 1.95% and R2 of 0.97). Overall
results suggest that FAM provides more accurate and
detailed forecasting, particularly when feeder-level data
and substantial computational resources are available.
However, in scenarios with limited resource availability
or where feeder characteristics are relatively uniform,
DLFM remains a viable alternative, offering satisfactory
performance with reduced modeling complexity. The
proposed forecasting technique may be applicable to any
SDT based on the availability of the required historical
and operational data.

This work can be extended as a part of future work,
to develop a framework for substation-level forecasting
under dynamic operating conditions (such as substation
overload management, feeder outages, feeder mainte-
nance, load transfer etc.).

FAM can provide a flexible forecasting framework as
it is a feeder-level modelling. Also, SDT forecasting can
be dynamically adapted by excluding the affected feeder
and recalculating the aggregation weights according to
the modified network configuration.

The proposed framework can be extended to multiple
transformers and a topology aware load forecasting
model can be developed that automatically updates
aggregation weights in response to network reconfigura-
tion events leading to robustness, scalability and practical
applicability of substation-level load forecasting under
real-time operating conditions.
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