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Abstract

This study addresses the challenge of accurately forecasting electricity load in Pakistan, focusing on
the Faisalabad Electric Supply Company (FESCO). The load forecasting problem in this region is
exacerbated by the highly volatile nature of the data and the low baseload, further complicated by
external factors such as weather conditions. To tackle this issue, we utilized historical electricity load
data from FESCO from 2019 to 2022 and weather data from NASA's LaRC POWER Project. Our
approach involved comprehensive exploratory data analysis (EDA) to identify significant input
features, including temperature, humidity, and lagged predictors like previous hour and previous
day readings. We employed a range of deep learning models to develop and test prediction models
like long short-term memory (LSTM), bidirectional LSTM (BiLSTM), and gated recurrent unit (GRU)
networks. The analysis revealed that lagged predictors significantly enhance prediction accuracy,
with BiLSTM models demonstrating the best performance, achieving a remarkably low mean
absolute percentage error (MAPE) of 0.2%. Compared to other models, our approach using time-
series data arrangement without external weather predictors proved to be more accurate and
economical. This model can support effective power system planning and expansion, leading to the
development of a competitive bidding-based wholesale energy market in Pakistan.

Keywirds: deep learning; long short-term memory (LSTM); Bi-LSTM; short-term load forecast
(STLF); Time Series, Electrical Load Forecasting

1. Introduction

Affordable energy is crucial for the progress of any economy, and the electricity cost depends
on the accurate generation-demand balance to avoid excess electricity generation and blackouts.
Accurate load forecasts are essential for the smooth operation of any power system and transmission
network. Also, the increased integration of renewable energy sources in the national grid requires
accurate forecasting for optimum system operation and network stability [1]. Business models in the
electricity sector are evolving from traditional vertically integrated utilities to competitive bidding-
based wholesale market models. One such example is the competitive trading bilateral contract
market (CTBCM), which is being planned for Pakistan [2]. Ensuring power balance, which is essential
for such market models, relies heavily on accurate load forecasting. The main objective of this
research is to develop a precise load forecasting model for an electrical distribution company to
incorporate advanced techniques into the operation and planning of electrical distribution networks
in Pakistan.

Much research has been done on short-term load forecasting (STLF) in stable distribution
networks with high baseload, and most of these studies use traditional load forecast techniques.
However, the conventional load forecast models may not be very accurate for distribution networks
such as Faisalabad Electric Supply Company (FESCO) with a highly variable yet low baseload.

The accuracy of electrical load forecasting has been substantially enhanced through the
implementation of various techniques. Conventional methods, such as linear regression, which
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models the relationship between input features and output, are effective for short-term load forecasts
(STLF), but they cannot capture the complex nonlinearities inherent in electricity load data.

More advanced methods, including interaction-based linear regression and robust regression
techniques, have been developed to mitigate anomalies and account for the combined effect of inputs,
thereby improving the robustness of predictions. Kernel functions manage nonlinear relationships in
support vector machines (SVMs), frequently implemented for forecasting medium- and long-term
load [3]. The variability in load data is more accurately captured due to the flexibility of SVMs across
various kernel types, including linear, quadratic, cubic, and Gaussian. Ensemble methods like tagged
and boosted trees, combining multiple models to enhance accuracy, mitigate overfitting, and generate
more dependable predictions [4]. Deep learning architectures have become increasingly popular due
to their capacity to simulate time-series data. Superior performance in capturing temporal
dependencies has been demonstrated by techniques such as long short-term memory (LSTM) and its
variants, including bidirectional LSTM (BiLSTM), rendering them ideal for electricity load
forecasting. These models are exceptional at managing the stochastic nature of electricity load and
providing highly accurate predictions by processing sequential data.

This paper aims to create a sophisticated load forecasting model for FESCO by utilizing historical
load data and meteorological inputs. The research seeks to identify the most accurate forecasting
approach by evaluating machine learning and deep learning techniques. This research will contribute
to the expansion and operational efficiency of Pakistan's energy infrastructure.

The dataset used in this study is FESCO’s load profile (2019-2022) and weather data from
NASA's LaRC POWER Project. The FESCO load profile is highly volatile, has a low base load, and
needs advanced prediction modeling techniques for accurate forecasts. Exploratory data analysis
(EDA) and auto-correlation analysis are performed to single out the input parameters and to get
insight into the factors affecting the prediction models. After EDA and selection of input features,
prediction models are developed using specified data arrangement as per the requirements of the
model. A comparative study is then done using various evaluation metrics such as mean absolute
percentage error (MAPE), mean absolute error (MAE), root mean squared error (RSME), standard
deviation (Std. Dev), and prediction accuracy (PA).

This research aims to develop a prediction model best suited for FESCO data utilizing advanced
prediction models such as machine learning and deep neural network methods. The need for
advanced electricity load forecasting has been growing to help improve the planning and
management of the electricity network and the economic dispatch of electricity. The conventional
load forecast techniques have resulted in power outages and uneconomical load dispatch, and
advanced deep-learning load forecast techniques can help mitigate these issues. The summary of the
major contributions of this research paper is detailed below:

e EDA and auto-correlation analysis have been performed on a completely new dataset to
identify input features for comprehensive research.

e Rigorous research has been performed to single out the best-performing prediction model
using several machine learning and deep learning techniques, and a comparative study has been
conducted using multiple performance metrics.

e Accurate short-term load forecasting (STLF) is developed for FESCO load using deep
learning to help improve the performance of power system operations, planning, and expansion and
develop a competitive bidding market in the future.

Similarly, section 2 discusses the literature review in detail; section 3 provides an overview of
the methodology used in this study; section 4 details the results, analysis, and discussions; and section
5 concludes the research with future applications.

2. Literature Review

Accurate short-term load forecasting (STLF) is crucial for operational decisions such as unit
commitment, economic dispatch, and demand response. Numerous studies have explored various
methods to enhance the accuracy of STLF [3]. Traditional approaches, machine learning techniques,
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and deep neural network methodologies have all been employed to achieve this goal. In [5], LSTM
was utilized for day-ahead load forecasting to reduce the operational costs of a multi-energy
microgrid participating in a deregulated market. Similarly, [6] employed a generalized linear
regression model with polynomials and cross-terms for load forecasting in Pakistan’s IESCO
distribution company. Different machine learning (ML) algorithms were evaluated on the NYISO
load dataset in [7], demonstrating the superior accuracy of the proposed EDTC algorithm. STLF for
individual Fortune 500 firms was conducted in [8] to optimize electricity costs and improve electrical
networks. Long-term forecasting has also been addressed, utilizing seasonal patterns and regression
models, as shown in [9]. To enhance time-series model estimation for the national grid’s daily load
curve, [10] used energy exchange data from Turkey with the ARIMA model. In [11], the author
applied machine learning techniques to forecast university load, considering weather and calendar
effects.

Similarly, [12] developed a city-wide forecasting system using a non-linear auto-regressive
model with weather, calendar, and lagged predictors. A thorough examination of STLF strategies for
Pakistani distribution companies was conducted in [13], while [14] provided in-depth research on
Short-Term and Medium-Term Load Forecasting procedures. Challenges related to large datasets
and additional input elements were discussed in [15], which aimed to improve electrical load
forecasting outcomes.

Hybrid models combining MLR and LSTM were used in [16] to predict the electrical load of
various countries. The load profile was decomposed into frequency-based components, with
smoother low-frequency components forecasted using MLR and high-frequency components using
LSTM. The effectiveness of time-series-based deep neural networks in reducing overfitting issues in
power networks with high stochastic nature and weather dependency was highlighted in [17]. Deep
learning techniques, such as Bidirectional Long Short-Term Memory (Bi-LSTM), have proven
effective for predicting load in microgrids with various population features, as noted in [18].
Convolutional Neural Networks (CNN) combined with LSTM and Gated Recurrent Unit (GRU) have
also shown improved prediction accuracy by capturing time-series features [19]. Deep neural
networks outperform ML methods for load forecasting as they are less sensitive to noise [20].

Similarly, convolution and recurrent neural networks are used for STLF [21]. Innovative
techniques like Model Personalization (PS) and Federated Learning (FL) have been applied to predict
household load profiles in smart meters accurately and decentralized [22]. CNN-based approaches,
such as those using Video Pixel Networks (VPN) [23] and fuzzy time series [24], have also been
explored for STLE. The extensive use of novel BiLSTM techniques for load forecasting in various
scenarios was reported in [25-27].

3. Methodology

This study suggests a multi-layered DNN structure for the STLF of a highly stochastic weather-
dependent distribution network. It consists of an input sequence, an RNN layer (LSTM, BiLSTM, or
GRU layers), fully connected layers, and regression layers. The RNN layer is renowned for its
capacity to manage non-linear correlations between the input variables and the load data, as well as
complicated temporal dependencies in the data. Furthermore, the deep neural network's fully
connected layer and regression layer enable the addition of other relevant information, such as
holidays or events, that may influence the load data and enhance prediction accuracy.

However, the first step in this methodology is data cleaning and arrangement for prediction
model development, which is explained subsequently as STLF accuracy is highly dependent on data
quantity, quality, health, and presentation. Data gathering for this research project comes from a
highly dynamic and stochastic distribution network.
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3.1. Dataset Description

The electrical load profile is taken from the load data of Faisalabad Electric Supply Company
(FESCO), a distribution company in Pakistan, from July 2019 to June 2022. FESCO data is sampled at
one-hour intervals.

The Faisalabad region weather data is obtained from the National Aeronautics and Space
Administration (NASA) Langley Research Center (LaRC) Prediction of Worldwide Energy Resource
(POWER) Project, funded through the NASA Earth Science/Applied Science Program. The data was
obtained from the POWER Project's Hourly 2.0.0 version on 2023/06/02. Figure 1 below gives the data
profiles from July 2019 to July 2022.

STLF in Pakistan’s distribution data is inherently difficult because the data contains excessively
complicated features, as the load profile is stochastic. Given the distribution network's low base load
value, it is difficult to model the data using straightforward features [28].

3.2. Data Arrangement

Weather patterns and load data frequently fluctuate by season and month; hence, organizing
meteorological data into seasons and months can impact short-term load forecasting (STLF). For
instance, in many areas, the demand for electrical power tends to increase during the summer, when
temperatures are higher, and air conditioning use is more common.

STLF models can be improved by including seasonal and monthly weather data as extra
characteristics or inputs. For instance, a model can include seasonal and monthly meteorological data
as input features to better represent the connection between weather patterns and load demand. As
a result, the model might be able to spot subtler patterns and connections in the data that would be
challenging to find with just historical load data.

This research used time-series data arrangement for deep neural networks such as LSTM,
BiLSTM, and GRU. In this data arrangement, the training target data is arranged in a one-step shifted
sequence, and the training input data is the sequence data without the final target value being
predicted. In summary, the electrical load data with one-hour resolution is converted into the
sequence of daily load curves of 24 hours. The target data includes the daily load sequence, including
the final step to be predicted, which is the 24th hour. Similarly, the target value (24th hour) is excluded
from the input training data. In this way, at each time step of training the deep neural network, the
network learns to predict the next value using the previously available inputs. The network is trained
on all daily curves produced in this fashion, and hence, the learning ability and accuracy are
improved.

3.3. Autocorrelation Analysis

As part of EDA, cleaning the raw data helps in training the prediction models effectively. The
FESCO data is cleaned using MATLAB, and any potential outliers are removed. However, the FESCO
data did not show many outliers or missing values and can be used for prediction modeling without
further processing. Figure 2 below shows the cleaned and raw data profiles.

Autocorrelation in time series data measures the similarity between observations at different
time points. In short-term load forecasting (STLF), autocorrelation can be an important characteristic
of the data, as it can indicate the degree to which past load demand values are predictive of future
values.

A high level of autocorrelation in the load demand data indicates that the data has a strong
temporal dependence and that past load demand values are a good predictor of future values.
Therefore, STLF models that employ historical load demand data as input features may take
advantage of this temporal dependency to produce more precise forecasts.

As seen in the Figures 3 & 4, the autocorrelation between multiples of 24th lags suggests that it
is a strong input feature. Similarly, there is a correlation between the previous year’s same-day load.
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The study evaluates various input features, including lagged load values (previous hour,
previous day, etc.) and weather predictors (temperature and humidity). The lagged predictorsshow
a stronger correlation with the load data and are thus prioritized in the models.

The relationships of various input parameters with the electrical load are depicted in Figure 5.
The temperature and humidity follow a strong trend in line with the electrical load, as shown in
Figure 5(a). Similarly, the scatter plot of temperature versus electrical load shows a somewhat linear
relation. Figure 5(c) shows a similar trend between humidity and electrical load. The scatter plots of
lagged predictors versus electrical load in Figures 5(d),(i) show that these can be very accurate input
features due to strong linear relationships.

The input features selected on the base of this EDA are presented subsequently.
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Figure 4. Autocorrelation of FESCO Data (three-year data).

3.4. Input Features Selection

Expert knowledge is necessary to correctly estimate electrical load demand in STLF utilizing the
available data. Because the load profile in Pakistan's distribution data is stochastic, the data has
aspects that make it extremely intricate, making the STLF intrinsically challenging. Considering the
EDA presented above, autocorrelation analysis and observing the dataset, in general, helps to identify
various input features that can enable accurate predictions are given below:

e  Previous Ist hour load (h-1)

e  Previous 2nd hour load (h-2)

e  Previous 3rd hour load (h-3)

e Previous 1st day same hour load (h-24)

e  Previous 2nd day same hour load (h-48)

e  Previous 3rd day same hour load (h-72)

Similarly, the weather predictors used are as follows.
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e  Temperature of the same hour (t)
e  Humidity of the same hour (h)
Table 1 summarizes the input parameters for STLF.

TABLE 1. SELECTION OF POTENTIAL INPUT PARAMETERS FOR STLF MODELS USING EDA.

Meteorological Historical Data
Factors
Temperature Previous 1st hour load (h-1)

Previous 2nd hour load (h-2)
Previous 3rd hour load (h-3)
Humidity Previous 1st day same hour load (h-24)

Previous 2nd day same hour load (h-48)

Previous 3rd day same hour load (h-72)

3.5. Model Performance Metrics

The mean absolute percentage error (MAPE), mean absolute error (MAE), root mean squared
error (RMSE), standard deviation (Std. Dev), and prediction accuracy (PA) are used to compare the
error of the various load forecast techniques. The following equations 1-5 show the formulas for
calculating these error metrices.

n
1 Xi—Yi
MAPE = — —
=
i=1
n P -
MAE:W (2)
N o v)2
RMSE = [|2i=t (i —yd* 3)

n
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Figure 5. Electrical Load vs Input Features: (a) & (b)Temperature (c) Humidity (d) h-1 (e) h-2 (f) h-3 (g) h-24 (h)
h-48 (i) h-72.

TABLE 2. PERFORMANCE METRICS COMPARISON OF VARIOUS DEEP LEARNING ALGORITHMS.

Deep Learning with Input Features (time
MAPE | MAE | RMSE | Std.Dev | PA

series)
LSTM with weather predictors 11.48 | 338.12 | 392.88 6.93 0.74
LSTM with weather and lagged predictors 512 | 153.52 | 196.57 | 12.26 0.95

Deep Learning without Input Features (time
. MAPE | MAE | RMSE | Std.Dev | PA
series)

LSTM with Time-Series (No Input Feature) 1.95 50.02 | 70.53 8.95 0.99
BiLSTM with Time-Series (No Input Feature) 0.20 5.13 14.55 9.22 1.00
GRU with Time-Series (No Input Feature) 1.87 | 4755 | 66.39 9.06 0.99
BiLSTM+GRU with Time-Series (No Input

Feature)

0.64 1543 | 21.60 9.47 1.00

Performance Metrics Comparison of Various Deep Learning Models
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Figure 6. Performance Metrics comparison of different models.
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TABLE 3. PERFORMANCE METRICS OF BILSTM DEEP LEARNING ALGORITHMS (MONTHLY MODELS).
Monthly BiLSTM Model MAPE | MAE | RMSE | Std.Dev | PA

BiLSTM with Time-Series (January) 0.31 4.15 5.99 13.70 1.00
BiLSTM with Time-Series (February) 0.38 4.71 10.79 16.73 1.00
BiLSTM with Time-Series (March) 0.54 11.39 | 20.49 10.53 0.99

BiLSTM with Time-Series (April) 0.69 18.57 | 44.25 19.47 0.99
BiLSTM with Time-Series (May) 0.30 7.84 14.21 18.98 1.00
BiLSTM with Time-Series (June) 0.84 2525 | 95.24 36.56 0.98
BiLSTM with Time-Series (July) 0.26 6.89 10.84 18.40 1.00

BiLSTM with Time-Series (August) 0.21 5.88 10.96 15.36 1.00
BiLSTM with Time-Series (September) | 0.15 3.60 6.32 16.39 1.00
BiLSTM with Time-Series (October) 0.40 6.55 11.05 11.48 1.00
BiLSTM with Time-Series (November) | 0.23 2.84 4.43 14.75 1.00
BiLSTM with Time-Series (December) 0.32 4.39 6.76 17.08 1.00
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Figure 10. Performance metrics comparison of BILSTM on monthly data.

4. Experimental Results and Discussion

The prediction models are developed after the selection of input features, data arrangement and
model selection. These prediction models are then evaluated using performance metrics and the
results of various prediction models are summarized in this section.

Table 2 compares the results of various deep-learning algorithms. The effects of using input
features such as lagged predictors, temperature, and humidity data are compared. Then, time series
data without input features is compared. It is observed that the prediction accuracy of LSTM with
time series without using input features (MAPE = 1.95) is higher as compared to the LSTM with
weather predictors as input (MAPE = 11.48) and LSTM with weather and lagged predictors as inputs
(MAPE =5.12). Therefore, the rest of the deep neural network techniques, such as BILSTM, GRU, and
hybrid BiLSTM with GRU, are tested using the time-series method only, as summarized in Table 2.
Figure 6 gives a graphical representation of Table 2

Subsequent Figures 7-10 give the prediction graphs of the LSTM, BiLSTM, GRU, and hybrid
BiLSTM+GRU layered deep neural network models.

The BiLSTM with time-series data performs the best among deep learning techniques; therefore,
the data arrangement is also tested on this algorithm to check if multiple models based on months
can give better results. These results are presented in Table 3. The peak summer months like June
have less accuracy as shown in Figure 10 due to high usage of air conditioning and also due to high
occurrence of faults and load shedding.

As evident from the results, the overall prediction accuracy of the multiple model approach
based on monthly data arrangement is less than that of the single BILSTM prediction model. This
difference in accuracy is mainly because single models capture temporal patterns better and also
because a single model is trained on more data than multiple models based on chunks of data.

The prediction modeling process for FESCO data revealed that no single approach fits all
scenarios due to the heterogeneous nature of the data. The FESCO data is highly volatile, and the
baseload of Pakistan is relatively low, making electricity load forecasting particularly challenging.
Furthermore, the electrical load is influenced by various external factors, such as weather indicators,
including temperature and humidity. Exploratory Data Analysis (EDA) was instrumental in
determining the most suitable input features and provided a general direction for developing the
solution. The correlation analysis, illustrated in Figures 3 and 4, showed that historical data points,
such as the previous hour reading (h-1) and the previous day reading (h-24), are strong predictors of
FESCO data. Figure 5 supports this observation, indicating that lagged predictors are effective for
load forecasting. However, as the lag increases, the input-output linear relationship diminishes.
Weather predictors, shown in Figure 5(a)-(c), were also considered, but they exhibited weaker
correlations compared to lagged predictors and could introduce inaccuracies due to the high
uncertainty of weather data and its localized nature. The trials conducted to evaluate different
predictors and data arrangements demonstrated the significance of using lagged predictors. For deep
learning models, including lagged predictors also led to significant improvements in prediction
accuracy. Another data arrangement technique, time series modeling, was employed, where daily
curves of electrical load profiles were used to train the models. This approach allowed for accurate
step-ahead predictions based solely on historical data, eliminating the need for weather predictors,
as shown in Table 2. The performance of various deep learning algorithms was compared, and it was
found that the BiLSTM network when trained on time-series data, produced the most accurate
results. The prediction graphs for LSTM, BiLSTM, GRU, and hybrid BiLSTM-GRU models (Figures 6
to 9) further illustrate the superior performance of BILSTM with time-series data. Table 3 presents the
performance metrics of BILSTM models based on monthly data arrangements, indicating that while
some monthly models showed promising results, the overall prediction accuracy was less than that
of the single BiLSTM prediction model trained on more extensive data. In addition to the quality and
quantity of the data, the data arrangement significantly affects prediction accuracy. The trials with
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different data arrangements, such as month-wise or season-wise, demonstrated that while this
approach could improve results in some cases, it assumed a strong dependency on weather data.

Table 4 compares the proposed model with similar state-of-the-art models developed for load
forecasting of electrical utilities in Pakistan. [17] used SRDCC-BiLSTM, [28] used ANN-LM whereas
[13] used ANN:Ss for electrical load forecasting. As the error matrices show, the proposed model is the
most accurate.

TABLE 4. COMPARISON OF PROPOSED MODEL WITH STATE OF THE ART.

Model MAPE(%) MAE RMSE Prediction
Accuracy (PA)
Proposed Model 0.2 5.13 14.55 1
SRDCC-BiLSTM 1 47.2 65.3 0.96
[17]
Single Hidden 1.5 80.1 112.5 0.95
Layer
ANN-LM
[28]
5 Hidden Layers 3.1 120.6 160.8 0.92
ANN-LM
[13]

Figures 11-14 show the graphical comparison in terms of different error metrices like MAPE,
MAE, RMSE and PA of the proposed model with other models.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.1624.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 January 2026 d0i:10.20944/preprints202601.1624.v1

13 of 16

MAPE(%)
3.5 3.1
3
— 25
XX
o 2 1.5
% 1.5 1
=

1
TR
0 |

Proposed Model = SRDCC-BILSTM[17] Single Hidden Layer 5 Hidden Layers
ANN-LM [28] ANN-LM [13]

Model

Figure 11. Lowest MAPE % of the proposed model.
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Figure 13. Lowest RMSE of the proposed model.
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Figure 14. Highest PA of the proposed model.

5. Conclusions

The prediction modeling process for FESCO data revealed that a single approach cannot address
the complexities due to the highly volatile nature of the data and the low baseload in Pakistan. The
strong dependence on historical patterns, confirmed through correlation analysis, indicates that
lagged predictors such as previous hour and previous day readings are crucial for accurate load
forecasting. While weather data showed some potential, its correlation with electrical load was
weaker, and inherent uncertainties and high costs limited its utility. The highly stochastic nature of
the Pakistani distribution network further complicates the prediction process. This study tested
multiple machine learning and deep learning models, demonstrating that deep neural networks,
particularly BILSTM models, provided the most accurate load forecasts with an extraordinary 0.2%
MAPE error. Linear regression, SVM, and GPR also performed well among the machine learning
techniques.

Future work could also focus on developing electricity price forecast prediction models.
Accurate price forecasting is crucial for market participants and can enhance the overall efficiency of
the electricity market.
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