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Abstract: Conventional approaches to analyzing power losses in electrical transmission
networks have largely emphasized generic power loss minimization through the integration
of loss-reducing devices such as shunt capacitors. However, achieving optimal power
loss minimization requires a more data-driven and intelligent approach that transcends
traditional methods. This study presents a novel classification-based methodology for
detecting and analyzing transmission line losses using real-world data from the Ikorodu–
Sagamu 132 kV double-circuit line in Nigeria, selected for its dense concentration of high-
voltage consumers. Twelve (12) transmission lines were examined, and the collected data
were subjected to comprehensive preprocessing, feature engineering, and modeling. The
classification capabilities of advanced deep learning models—Long Short-Term Memory
(LSTM), Bidirectional Long Short-Term Memory (BiLSTM), and Gated Recurrent Unit
(GRU)—were explored through six experimental scenarios: LSTM, LSTM with Attention
Mechanism (LSTM-AM), BiLSTM, GRU, LSTM-BiLSTM, and LSTM-GRU. These models
were implemented using the Python programming environment and evaluated using
standard performance metrics, including accuracy, precision, recall, F1-score, support,
and confusion matrices. Statistical analysis revealed significant variability in transmission
losses, particularly in lines such as I1, Ps, Ogy, and ED, which exhibited high standard
deviations. The LSTM-AM model achieved the highest classification accuracy of 83.84%,
outperforming both standalone and hybrid models. In contrast, BiLSTM yielded the lowest
performance. The findings demonstrate that while standalone models like GRU and LSTM
are effective, the incorporation of attention mechanisms into LSTM architecture enhances
classification accuracy. This study provides a compelling case for employing deep learning-
based classification techniques in intelligent power loss classification across transmission
networks. It also supports the realization of SDG 7 by aiming to provide access to reliable,
affordable, and sustainable energy for all.

Keywords: losses; transmission; power; classification models; confusion matrix

1. Introduction
Energy is an essential commodity required for the seamless operation of industrial

processes, as well as commercial and residential activities. It plays a pivotal role in pow-
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ering homes, organizations, and industries [1–3]. This energy can be derived from either
conventional fossil fuels or renewable resources. Regardless of the source, the energy
delivery chain typically consists of three primary stages: generation (the production hub),
transmission (the bulk conveyance of energy), and distribution (ensuring that end users
receive quality power for consumption) [4–6]. In simpler terms, electrical energy is gener-
ated, transmitted over long distances, and ultimately distributed to consumers through a
network infrastructure. While the distribution network is often more complex due to its
structure and the variability of voltage requirements among consumers, the transmission
network is comparatively simpler due to the absence of direct load connections [7–10].
Transmission lines consist of several essential components—conductors, insulators, shield
wires, and support structures—each contributing to the system’s overall performance.
Among these, conductors are especially important, as inadequate design can result in
substantial and costly energy losses during transmission [11,12].

Energy losses, commonly referred to as “losses”, are a frequent and often unavoid-
able occurrence in both transmission and distribution networks. These electrical losses
represent the gap between the energy generated and the amount that end users are billed
for, essentially reflecting unaccounted-for energy [13,14]. Transmission and distribution
(T\&D) losses have been reported to account for approximately 30% of the hidden costs in
Africa’s energy sector [15].

Electrical network losses are typically categorized into two types: technical losses
(TL) and non-technical losses (NTL). NTLs are caused by factors such as energy theft,
meter tampering, faulty or bypassed meters, unmetered supply, and inaccurate meter read-
ings. [13,16–18]. At the grid level, these losses can result in transformer overload, voltage
imbalance, and uncertainty in consumption data. Importantly, non-technical losses (NTLs)
negatively impact honest consumers by driving up electricity prices and degrading energy
quality. An increase in NTLs often leads to higher energy tariffs and diminished system reli-
ability [19]. Numerous studies have focused on identifying the root causes of non-technical
losses (NTLs) and developing effective mitigation strategies [13,20]. Detecting NTLs is
a crucial step in addressing them. One study [21] examined non-hardware-based NTL
detection techniques, categorizing them into hardware-based and non-hardware-based
approaches. The study highlighted that hardware-based methods often require substantial
capital investment and increase energy costs due to the need for new infrastructure. In
contrast, non-hardware-based methods use system and consumer data to identify abnormal
usage patterns, which were further divided into network-based, data-based, and hybrid
techniques. Notably, a study [22] employed a data-based approach for theft detection,
utilizing consumption data from smart meters and clustering methods. They applied a
distance-based classification technique to identify anomalies using the Gustafson–Kessel
fuzzy clustering algorithm. Their model evaluated sixteen scenarios representing abnormal
consumption patterns caused by NTLs, achieving a true positive rate of 63.6% and a false
positive rate of 24.3%, outperforming other unsupervised learning techniques.

Artificial intelligence (AI)-based approaches for NTL detection have proven to be
more accurate, efficient, and faster than traditional methods [23]. These studies provide
comprehensive reviews of AI-driven NTL detection techniques, classifying them based
on algorithms, extracted features, and performance metrics. Comparative evaluations of
data-based, network-based, and hybrid methods offer valuable insights for both researchers
and industry practitioners. In contrast, technical losses (TLs) have received less research
attention due to the complexity and challenges involved in detection [24]. TLs result from
inherent electrical properties, such as network impedance. For example, [25] analyzed
data from a distribution company to estimate losses and billing efficiency on 11kV feeders,
linking distribution losses to factors like meter bypassing, tampering, incorrect billing,
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illegal connections, non-payment, and aging infrastructure. Another study [26] focused on
reducing transmission losses in wind-integrated networks using mixed-integer nonlinear
programming (MINLP).

Artificial intelligence (AI) is playing an increasingly vital role in modern energy sys-
tems. Smart grids, equipped with intelligent devices and sensors, are designed to improve
the distribution, control, and generation of electricity. For instance, machine learning-based
smart meters are essential in Ambient Assistive Living (AAL) environments, where they
help identify consumption patterns [27]. AI is often integrated with edge computing and
analytics to enhance system modeling and responsiveness. The effectiveness of smart
grids, smart homes, and smart meters relies heavily on the integration of AI with secure
communication technologies. Common AI techniques used in smart grids include machine
learning, deep learning, and swarm intelligence, all of which are crucial for data analytics,
system security, and automation in Internet of Things (IoT)-enabled environments [28–30].
The progression to “AI 2.0” has been driven by advancements in both algorithms and
computing hardware. Technologies such as deep learning and reinforcement learning
have matured, and their combination—deep reinforcement learning (DRL)—has reached
significant milestones, notably demonstrated by AlphaGo’s victory over Go champion
Sedol Lee [31].

The power systems sector has seen significant advancements through the adoption
of artificial intelligence (AI), particularly in the detection and reduction of losses. Velasco
et al. [32] demonstrated that deep learning models offer faster convergence for estimat-
ing technical losses, enabling near real-time operations. Coma-Puig et al. [33] investi-
gated the application of explainable AI (XAI) for detecting non-technical losses (NTLs) in
electricity and gas networks, resulting in notable improvements in system performance.
Almasoudi [34] concluded that AI integration enhances the resilience, efficiency, and sus-
tainability of power systems. His work employed hybrid convolutional neural network
(CNN) architectures—such as CNN-RNN, CNN-GRU, and CNN-LSTM—for effective fault
detection and analysis.

Shafei et al. [35] applied a CNN-based approach to fault detection and characterization
in medium-voltage distribution networks. In the field of civil engineering, CNN-based
structural damage detection under limited data conditions was performed using transfer
learning techniques [36]. Similarly, [37] developed an intelligent method for detecting
defects in electricity transmission line equipment, using data mining and improving perfor-
mance through CNN-based models enhanced with transfer learning. In another study, [38]
proposed a novel hybrid approach for fault detection and identification in transmission lines
within interconnected networks, utilizing data from phasor measurement units (PMUs).

The reviewed literature makes it clear that while numerous detection systems exist,
many fall short in their ability to support informed, technical decision-making for effective
loss mitigation. Most systems are designed to identify losses but fail to classify the loss type,
thereby hindering actionable insights that network operators can use to implement timely
and strategic interventions. This gap is particularly critical in the context of Africa’s ongoing
energy crisis, where energy losses—especially in transmission networks—pose a severe
challenge. Given that transmission lines carry large volumes of electricity, even minor
losses can cascade into substantial shortages at the distribution level. Minimizing these
losses is, therefore, not just a technical necessity but a strategic imperative for achieving
energy sufficiency across the continent.

To address this pressing issue, the development of a next-generation energy loss
management system is essential—one that goes beyond mere detection. Such a system
must be capable of identifying the root causes of losses in real-time and recommending
effective remedial actions. A key insight from the literature is that one of the main obsta-
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cles to effective loss mitigation is the accurate classification of loss types. Without this,
interventions remain generic and suboptimal. While many existing approaches focus on
reducing power losses through conventional means, such as the strategic placement of
equipment like shunt capacitors, these solutions often overlook the need for intelligent,
context-specific strategies.

This study responds to that need by applying advanced AI techniques to classify
transmission losses with high precision. By doing so, it lays the groundwork for smarter,
more targeted network management—equipping utility providers with the tools they need
to make data-driven decisions, enhance grid reliability, and move closer to sustainable
energy goals.

The main contributions of the present study are as follows:

(1) This study introduces a novel classification-based methodology using deep learning
models (LSTM, GRU, BiLSTM, and hybrids) to detect and analyze transmission line
losses based on real-world high-voltage network data from Nigeria, moving beyond
conventional loss minimization techniques.

(2) It is among the first to apply a comparative deep learning framework—including
attention mechanisms (LSTM-AM)—for loss classification across multiple scenarios,
with LSTM-AM achieving the highest accuracy of 83.84%.

(3) The research highlights the significance of data preprocessing, feature engineering,
and statistical variability analysis as diagnostic tools for identifying loss-prone lines
and informing targeted interventions.

(4) By providing actionable insights for intelligent transmission loss management, the
study contributes to the advancement of data-driven energy systems aligned with the
goals of affordable and reliable electricity access.

2. Materials and Method
This study investigates the classification of transmission losses as a strategic approach

to improving loss management within electrical transmission networks. The predictive ca-
pabilities of AI models were leveraged to classify power losses using historical transmission
line data. The architectures of the implemented AI models were developed and simulated
within a Python-based environment. Model performance was rigorously evaluated using
standard classification metrics, including accuracy, precision, recall, F1-score, support, and
confusion matrices.

2.1. Transmission Line Data Collection and Preprocessing

The dataset utilized in this study was collected using a Schneider PM5100 smart
energy meter from the Ikorodu–Sagamu 132 kV double-circuit transmission line shown
in Figure 1, which serves as the selected case study. This particular line holds strategic
significance within the Nigerian power grid due to the high concentration of industrial
high-voltage consumers connected at the 132 kV level. Notable among these consumers are
Sunflag, Monarch, and African Foundry, all of which are linked via Tee-offs along the line—
transforming the transmission route into a complex, network-like structure. The primary
power supply to this corridor originates from the Egbin Steam Power Plant through the
Egbin–Ikorodu double-circuit line, while an auxiliary supply is provided by the Ayede–
McPherson–Sagamu 132 kV line. Owing to the substantial load demand in the region,
the Sagamu and Ijebu Ode 132/33 kV substations are supplied from Ayede, whereas the
remaining load centers are primarily fed by the Egbin–Ikorodu line.
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Figure 1. Ikorodu–Sagamu 132kV Double Circuit Line.

During data collection, inconsistencies emerged, as certain feeders were not consis-
tently represented across all monthly records. To ensure a robust and uniform analysis,
twelve (12) feeders out of the fifteen (15) detailed in Table 1 from the Ikorodu–Sagamu
132 kV double-circuit line were systematically selected for model development. The dataset
was organized into two time series: one for actual power values and another for forecasted
power. These series were subjected to preprocessing and feature engineering, followed
by a chronological train-test split. For model development, the Long Short-Term Memory
(LSTM), Bidirectional LSTM (BiLSTM), and Gated Recurrent Unit (GRU) models were
employed, necessitating the sequencing of data with a time step of one. Finally, both input
and output datasets for training and testing were reshaped to meet the models’ input
requirements. A sample of the preprocessed dataset is presented in Table 2. The loss
threshold values for the loss types were presented as a percentage of the energy difference
(ED) on the network under consideration. For the case study, the relationship between ED,
total load (TL), and total generation (TG) is expressed in Equations (1)–(3).

TL = Ogy − Bl (1)

TG = Tp − Ps (2)

ED = TG + I1 + I2 − TL (3)

where TL is the total load, Ogy is the Odogunyan line, Bl represents all other bilaterals,
TG represents the total generation, Tp represents the Taopex line, Ps represents the Paras
line, ED represents the Energy Difference, I1 represents Ikorodu line 1, and I2 represents
Ikorodu line 2. The ED, which represents the Energy Difference between the sending end
and the receiving end, is an industry standard used to identify the losses recorded within a
system, according to Table 3, where six types of losses are categorized.

The steps used for the preprocessing and feature engineering pipeline are discussed
subsequently:

1. Identify columns with null values:

FOR each column IN dataset: IF count_missing_values(column) > 0: flag column

2. Datetime Formatting: the date strings were converted to datetime objects:

FOR each entry IN ‘date’: convert to datetime format (dd/mm/yyyy hh:mm)

3. Engineering of loss type classes: used the ‘Energy Difference’ column values to
categorize the loss types into classes using the threshold values in Table 3.
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4. Label Encoding: The categorical ‘loss_type’ labels were transformed into a numerical
format using ‘label encoding’ to ensure compatibility with the neural network models.
This was performed via this pseudocode:

Assign a unique integer to each distinct value in the ‘loss_type’ column.

5. Select all the 12 loss lines and drop less important features, such as datetime, ED, TG,
TL, and BI, as shown in Table 2.

6. Feature Normalization: all numeric features were normalized to the [0, 1] range using
the Min-max feature scaling, as seen in the equation below:

xscaled =
x − xmin

xmax − xmin

7. Time-series sequencing: for temporal models like LSTM, GRU, and BiLSTM, the data
was reshaped into sequences using a sliding window approach:

FOR i = 0 TO N—time_steps:
X[i] = X[i:i + time_steps],
y[i] = y[i + time_steps]
where N = Number of samples
Each sequence consisted of a defined number of previous time steps (time_steps), and

the corresponding target was the value at the next time step.
A time step of 1 was sufficient for this use case, as the dataset represented shorter depen-

dencies. Although multiple time steps were tested, it did not improve the model accuracy.

8. Train-test splitting: shuffle data randomly and allocate 80% for training and 20% for
testing.

Table 1. List of T-offs in Ikorodu–Sagamu 132kV Double Circuit Line.

S/N Lines Line Code Circuit

1 Ikorodu 12,025 1
2 Sunflag 12,008 1
3 Topsteel 12,009 1
4 Odogunyan 1 12,055 1
5 Taopex 12,072 1
6 Lafarge 12,073 1
7 Paras_1 12,037 2
8 Paras Tap1 12,043 2
9 AFR Tap 12,041 2
10 Phoenix 12,036 2
11 Real 12,075 2
12 Monarch 12,076 2
13 Kam Tap 12,077 2
14 Star Pipe 12,078 2
15 Sagamu Steel 12,079 2

Table 2. Loss data head for the case study.

AFL I1 I 2 Ks Ps Phx Qt Sp Sf Tp Ts Ogy TG TL Bl ED

4.07 13.58 102.41 0.000 18.06 8.99 3.42 2.35 1.76 11.16 0.94 21.2 29.22 21.530 0.330 123.68
3.75 17.41 97.56 0.000 0.00 8.95 3.16 1.94 1.56 10.13 0.75 20.7 10.13 20.110 −0.590 104.99
3.66 21.43 97.72 2.344 0.00 10.03 1.88 2.33 1.60 11.32 0.77 20.2 11.32 22.614 2.414 107.85
4.40 5.35 87.78 2.348 0.00 11.38 1.93 1.92 1.07 11.32 0.60 21.2 11.32 23.648 2.448 80.80
4.33 1.75 97.40 2.351 0.00 10.57 2.28 2.08 1.27 11.32 0.64 23.7 11.32 23.521 −0.178 86.94

AFL = African foundaries limited, I1 = Ikorodu1, I2 = Ikorodu2, Ks = Kamsteel, Ps = Paras, Phx = Phoenix,
Qt = Quantum, Sp = Starpipe, Sf = Sunflag, Tp = Taopex, Ts = Topsteel, Ogy = Odogunyan, TG = Total Generation,
TL = Total Loss, Bl = Bilateral, ED = Energy Difference.
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Table 3. Loss threshold values.

Category Description

Energy Theft 40% and above Energy Difference
Resistive Loss 30% and 40% Energy Difference
Corona Loss 20% to 30% Energy Difference
Reactive Loss 10% and 20% Energy Difference
Normal Loss 5% to 10% Energy Difference
Metering Issues Less than 5% Energy Difference

2.2. Transmission Line Losses Modeling

The notion behind power loss is based on the deviation of the voltage and current
between the sending end and the receiving end. In Figure 2, consider that the transmission
line length is ∆x with resistance R∆x, conductance G∆, current I, and voltage V. By
applying Kirchhoff’s voltage law to this circuit, it can be written that

V =
1
2

RI∆x +
1
2

R[I + ∆I]∆x + V + ∆V (4)

Figure 2. The equivalent circuit of a transmission line.

By simplifying the equation by dividing through by ∆x and tending it to zero,
Equation (4) becomes

dV
dx

= −RI (5)

Taking the second derivative of Equation (5) yields Equation (6) as follows:

d2V
dx2 = −R

dI
dx

(6)

Again, the application of Kirchhoff’s current law to the transmission line equivalent
circuit results in the current Equation (7).

I =
1
2

G
(

V +
∆V
2

)
∆x + C

d
dt

(
V +

∆V
2

)
∆x + I + ∆I (7)

where C is the capacitance. Again, by simplifying the equation through dividing by ∆x and
letting it tend to zero, Equation (7) becomes

dI
dx

= −
[

GV + C
dV
dt

]
(8)
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Equation (8) can be further simplified by taking the limit dV
dt to zero.

dI
dx

= −GV (9)

Taking the second derivative of Equation (6) yields Equation (10) as follows:

d2 I
dx2 = −G

dV
dx

(10)

The substitution of Equations (5) and (9) into Equations (6) and (10), respec-
tively, results in Equations (11) and (12) that characterize the power flow along the
transmission lines.

d2V
dx2 = RGV (11)

d2 I
dx2 = RGI (12)

Applying boundary conditions in Equations (13) and (14) to Equation (8) results in
Equation (15), which represents voltage power flow as follows:

V(0) = V0 (13)

V(l) = 0, l → ∞ (14)

V(x) = V0e−x
√

RG (15)

Applying boundary conditions in Equations (16) and (17) to Equation (12) yields
Equation (18), which represents the current power flow as follows:

I(0) = I0 (16)

I(l) = 0, l → ∞ (17)

I(x) = I0e−x
√

RG (18)

Here, I0 and V0 represent the initial current and voltage, respectively. Equations (15)
and (18) enable the prediction of current and voltage at any point along a transmission line.
It should be recalled that the resistance of the conductor and weather conditions are mainly
responsible for the power loss along a transmission line; hence, it can be asserted that losses
along a transmission line have two basic components, namely, ohmic Lo and corona Lc

losses. Therefore, the total losses (LT) along a transmission line can be modeled as

LT = Lo + Lc (19)

These components can be individually modeled as

Lo = I2R (20)

Lc = 242
( f + 25)

δ
. 4

√
r
d
(V − Vc)

2.(10)−5kW (21)

Here, f is the frequency of transmission, δ is the air density factor, r is the conductor
radius, d is the transmission lines spacing, representing the operating voltage, and Vc
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is the disruptive voltage. Substituting Equations (20) and (21) in Equation (19) yields
Equation (22), expressed as follows

LT = RI2 + 242
( f + 25)

δ
. 4

√
r
d
(V − Vc)

2.(10)−5kW (22)

Equation (22) can be used to evaluate the losses along a transmission line.

2.3. Models for Transmission Losses Management System

This section addresses the design of classification models of transmission losses using
different classification models as presented as follows.

2.3.1. Long Short-Term Memory (LSTM) Model

The Long Short-Term Memory (LSTM) model, a specialized type of Recurrent Neural
Network (RNN), is designed to effectively capture temporal dependencies and learn
complex patterns in sequential data. In this study, the LSTM model was employed to
classify transmission loss data due to its robust capability in handling time series inputs.
LSTM networks are characterized by their use of memory cells and gating mechanisms,
which enable them to retain, discard, or update information over time. As illustrated in
Figure 3, the LSTM architecture comprises three primary gates: the input gate, the forget
gate, and the output gate. These gates regulate the flow of information into and out of the
memory cells, ensuring that only relevant data are propagated through the network. The
input and forget gates determine how much new information is added and how much
previous information is discarded from the cell state. The final output is a selectively
filtered version of the internal cell state, influenced by the context of both current and past
inputs. The behavior of the gates and the cell states can be mathematically described using
the following Equations (23)–(28), based on the input time series Xt and the number of
hidden units h [39]:

Input Gate : It = σ(XtWxi + Ht−1Whi + bi) (23)

Forget Gate : Ft = σ
(

XtWx f + Ht−1Wh f + b f

)
(24)

Output Gate : Ot = σ(XtWxo + Ht−1Who + bo) (25)

Intermediate Cell State :
∼
Ct = tanh(XtWxo + Ht−1Who + bc) (26)

Cell State (next memory input) : Ct = Ft
◦ Ct−1

∼
Ct (27)

New State : Ht = Ot
◦ tanh(Ct) (28)

× + 

× 

σ σ tanh

tanh

σ × 

LSTM

Et

LTMt

STMtSTMt-1

LTMt-1

Figure 3. The architecture of LSTM Unit.
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Here, Whi, Wxc, Wx f , Wxo, and Whc, Wh f , Who are the weight parameters, while
bi, b f , bc, bo symbolize bias parameters, ◦ represents the element-wise multiplication. Note
that the estimation of Ct depends on the output information from memory cells ( Ct−1) and

the current time step
∼
Ct.

2.3.2. Bidirectional Long Short-Term Memory (BiLSTM) Model

The Bidirectional Long Short-Term Memory (BiLSTM) network is an extension of
the standard LSTM architecture that incorporates two parallel processing layers—one
operating in the forward direction and the other in the backward direction. This dual-track
structure enables the model to capture both past and future dependencies within a time
series, thereby improving its temporal learning capability. As illustrated in Figure 4, the
forward layer (indicated by the red arrow) processes the input sequence Xt from left to
right, while the backward layer (shown by the blue arrow) processes the same sequence in
reverse, from right to left. The final output is obtained by combining the outputs from both
directions, typically through a weighted sum or concatenation of the prediction scores. In
this study, the BiLSTM architecture was employed to enhance classification performance
by leveraging contextual information from both preceding and succeeding time steps.

LSTM

LSTM

LSTM

LSTMLSTM

LSTM

σ σ σ 

Xt - 1 Xt Xt + 1

yt  - 1 yt yt + 1

ht - 1 ht ht + 1

ht - 1 ht ht + 1

Figure 4. The architecture of BiLSTM Unit.

2.3.3. Gated Recurrent Unit (GRU) Model

The Gated Recurrent Unit (GRU) model, a streamlined variant of the Long Short-Term
Memory (LSTM) network, was employed in this study for the classification of transmission
losses. Unlike LSTM, the GRU architecture utilizes a single hidden state and merges the
functionalities of the input and forget gates into a single update gate. Additionally, it
features a reset gate, which regulates the influence of the previous hidden state on the
current hidden state, as depicted in Figure 5. Due to the absence of a separate cell state
and the reduction in the number of gating mechanisms, GRUs require fewer parameters
and involve fewer tensor operations. This simplification contributes to a faster training
process and more efficient convergence. The mathematical formulation of the GRU cell is
presented in Equations (29)–(32) [40]:

rt = σ
(

Wxrx[t] + bxr + Whrh[t−1] + bhr

)
(29)

zt = σ
(

Wxzx[t] + bxz + Whzh[t−1] + bhz

)
(30)
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kt = tanh
(

Wxkx[t] + bxk + rt⊙(W hkh[t−1] + bhk

))
(31)

h[t] = (1 − zt)⊙ kt + zt ⊙ h[t−1] (32)

Here, σ, tanh, and ⊙ are used as the elements of the weight matrices Wx, Wh, bx,
and bh.

ht-1 ht

tanh

output

Xt

σ 

-1

σ 

rt

zt

h-t

Reset Gate

Update Gate

 
Figure 5. The architecture of GRU Unit.

2.3.4. Input–Output Design of the Models

The input–output design of the models used in this study is outlined as follows:

1. Input Structure

The input data consists of sequences of time-series observations. Each sequence is
made up of time_steps past observations, where each time step contains multiple features
such as African Foundries Limited, Kamsteel, Sunflag, and other energy-related variables
(12 features in total as shown in Table 2). A sliding window approach was used to generate
these sequences. Each input sequence represents the data from the previous time_steps
and is fed into the model as input for predicting the loss type at the subsequent time step.

2. Output Structure

The model’s task is to classify the loss type (e.g., “Energy Theft”, “Resistive Loss”,
etc.) based on the input sequence, which is a multi-class classification problem. The output
layer consists of a dense layer with softmax activation, where each unit corresponds to
a possible class. The model outputs the probability for each class, and the class with the
highest probability is selected as the predicted loss type for the given sequence.

For this study, the ReLU activation function was adopted for the recurrent layers
while the network was trained for 150 epochs, a batch size of 32 with an added dense
layer, as presented in Table 4. The Adam optimizer and cross-entropy error were used for
optimization and the loss function, respectively.

Table 4. Simulation parameters.

Parameters Type or Value

Optimizer Adam
Learning rate 0.001
Loss sparse_categorical_crossentropy
Output dense layer function softmax
Model activation function ReLU
Epochs 150
Batch size 32
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2.4. Model Training and Testing

The model training process encompassed both architectural design and optimization
strategies. The models were implemented using the TensorFlow and Keras libraries. To
mitigate overfitting and enhance generalization to unseen data, dropout layers with varying
rates were incorporated. These layers randomly deactivate a fraction of connections during
training, thus improving the model’s robustness. Following this, additional layers were
added to deepen the network, with another dropout layer introduced to further guard
against overfitting. The final layer was a fully connected (dense) layer, where the number of
output units corresponded to the target features of the dataset. To introduce non-linearity
and enable the network to learn more complex patterns, the Rectified Linear Unit (ReLU)
activation function was applied within the hidden layers.

For optimization, the Adaptive Moment Estimation (Adam) optimizer was selected for
its efficiency in handling sparse gradients and noisy data. Categorical cross-entropy was
chosen as the loss function, as detailed in Table 4 The model was trained over 150 epochs
using 80% of the dataset, allowing it to iteratively adjust its internal weights and improve
predictive performance. Testing was conducted using the remaining 20% of the data, also
over 150 epochs, to evaluate the model’s ability to classify transmission loss data based on
the knowledge acquired during training. The randomized search method was employed
for the tuning of the model hyperparameters, as presented in Table 5.

Table 5. Result of hyperparameters tuning using randomized search method.

Hyperparameter Range Tested Best Value Found Justification

Optimizer Adam Adam
Adam optimizer was chosen for its
efficiency and adaptability to the model’s
requirements.

Learning Rate 0.0001 to 0.01 (log
scale) 0.0016

The learning rate of 0.0016 was optimal
based on validation performance. It
balanced model stability and convergence
speed.

Epochs 50 to 200 150

While 50 epochs were initially tested for
quick evaluation, 150 epochs were later
selected as it showed a stable convergence
and optimal model performance.

Batch Size 16, 32, 64 32
A batch size of 32 provided a balance
between computational efficiency and
gradient stability during training.

Units (layer 1) 32, 64, 128 64 The LSTM layer 1 was tuned to have
64 units

Dropout Rate (Layer 1) 0.2 to 0.5 0.3
Dropout of 0.3 was found to prevent
overfitting effectively without
compromising performance.

Units (layer 2) 32, 64, 128 64 The LSTM layer 2 was tuned to have
64 units.

Dropout Rate (Layer 2) 0.2 to 0.5 0.2 Dropout of 0.2 was also found to prevent
overfitting, just like in Layer 1

2.5. Simulation Scenarios Transmission Loss Management System

In this section, six classification model architectures, namely, LSTM, LSTM-Attention
Mechanism (LSTM-AM), BiLSTM, GRU, LSTM-BiLSTM, and LSTM-GRU, with the model
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parameters presented in Tables 6–11 respectively, were built for the classification of the
transmission loss data.

Table 6. LSTM model parameters.

Layer (Type) Output Shape Parameters

lstm_1 (None, 1, 64) 19,712
dropout_1 (None, 1, 64) 0
lstm_2 (None, 32) 12,416
dropout_15 (Dropout) (None, 32) 0
dense_16 (Dense) (None, 5) 165
Total params 0 32,293 (126.14 KB)
Trainable params 0 32,293 (126.14 KB)
Non-trainable params 0 0 (0.00 B)

Table 7. LSTM-AM model parameters.

Layer (Type) Output Shape Parameters

input_layer (None, 1, 12) 0
lstm_1 (None, 1, 32) 5760
dropout_1 (None, 1, 32) 0
dense_1 (None, 1, 64) 2112
dense_2 (None, 1, 1) 65
reshape _1 (None, 1) 0
dense_3 (None, 1) 2
Reshape_2 (None, 1, 1) 0
Multiply (None, 1, 32) 0
lstm_2 (None, 64) 24,832
dropout_2 (None, 64) 0
dense_4 (None, 5) 325
Total params 0 33,096 (129.28 KB)
Trainable params 0 33,096 (129.28 KB)
Non-trainable params 0 0 (0.00 B)

Table 8. BiLSTM model parameters.

Layer (Type) Output Shape Parameters

bidirectional (None, 128) 39,424
dropout (None, 128) 0
dense_1 (None, 32) 4128
dense_2 (None, 6) 198
Total params 0 43,750 (170.90 KB)
Trainable params 0 43,750 (170.90 KB)
Non-trainable params 0 0 (0.00 B)

Table 9. GRU model parameters.

Layer (Type) Output Shape Parameters

gru_1 (None, 1, 64) 14,976
dropout_1 (None, 1, 64) 0
gru _2 (None, 32) 9408
dropout_2 (None, 32) 0
Dense (None, 6) 198
Epochs 0 150
Batch size 0 32
Total params 0 24,582 (96.02 KB)
Trainable params 0 24,582 (96.02 KB)
Non-trainable params 0 0 (0.00 B)
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Table 10. LSTM-BiLSTM model parameters.

Layer (Type) Output Shape Parameters

input_layer (None, 1, 12) 0
lstm_1 (None, 1, 64) 19,712
batch_normalization_1 (None, 1, 64) 256
dropout_1 (None, 1, 64) 0
bidirectional (None, 1, 128) 66,048
batch_normalization_2 (None, 1, 128) 512
dropout_2 (None, 1, 128) 0
lstm_ 2 (None, 64) 49,408
batch_normalization_3 (None, 64) 256
dropout_3 (None, 64) 0
Dense (None, 6) 390
Epochs 150
Batch size 32
Total params 136,582 (533.52 KB)
Trainable params 136,070 (531.52 KB)
Non-trainable params 512 (2.00 KB)

Table 11. LSTM-GRU model architecture.

Layer (Type) Output Shape Parameters

input_layer (None, 1, 12) 0
lstm_1 (None, 1, 64) 19,712
dropout_1 (None, 1, 64) 0
gru (None, 1, 64) 24,960
dropout_2 (None, 1, 64) 0
lstm_2 (None, 32) 12,416
dropout_3 (None, 32) 0
dense (None, 1583) 52,239
Epochs 0 150
Batch size 0 32
Total params 0 109,327 (427.06 KB)
Trainable params 0 109,327 (427.06 KB)
Non-trainable params 0 0 (0.00 B)

The classification scenarios were simulated using the Python 3.13.2 programming
environment, which is widely regarded as one of the most versatile tools for simulations
across various domains, including data science and artificial intelligence. Python’s extensive
standard library (e.g., math and datetime) and its rich ecosystem of third-party libraries
(such as NumPy, Pandas, and TensorFlow) make it an ideal choice for applications in
web development, data science, AI/ML, and automation. The flowchart depicting the
transmission loss classification system is shown in Figure 6. Six distinct classification
models, as detailed in Tables 5–10, were implemented to classify transmission losses. The
performance of each model was assessed using key metrics, including the confusion matrix,
accuracy, recall, precision, and F1-score.
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Figure 6. Flowchart of the transmission loss classification system.

2.6. Performance Evaluation

The performance of the classification models for the loss classification system de-
veloped in this study was evaluated based on the following metrics: confusion matrix,
accuracy, recall, precision, and F1-score.

i. Confusion matrix: The confusion matrix is a tabular summary showing the number
of correct and incorrect predictions for each class, organized by true labels (rows)
and predicted labels (columns). While the elements of the main diagonal represent
the number of correctly classified instances, the off-diagonal elements represent the
number of misclassified instances. It matrix consists of four key components, namely,

a. True Positive (TP), which indicates the number of positive cases that the model
correctly identified;

b. False Negative (FN), representing the number of actual positive cases that the
model incorrectly classified as negative;

c. False Positive (FP), which refers to the number of negative cases that the model
mistakenly classified as positive;

d. True Negative (TN), signifying the number of negative cases that the model
correctly classified.

These components can be used to compute machines learning models as follows.

ii. Accuracy: The accuracy of the classification system refers to the ratio of correctly
classified instances (TP + TN) to the total number of instances (TP + TN + FP + FN). It
can be mathematically expressed as Equation (33).

Accuracy =
TP + TN

(TP + FP + TN + FN)
(33)
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It is usually measured in percentage, and the higher the value of the accuracy of a
system, the better the system.

iii. Recall: The recall is simply defined as the ratio of correctly predicted positive instances
to all the actual positive instances. The idea behind the recall is how many instances
have been classified as a particular class of losses. Recall is also called sensitivity, and
it can be mathematically expressed as Equation (34).

Recall =
TP

(TP + FN)
(34)

Note also that a high recall value implies that the model is good at identifying the
most positive instances.

iv. F1-score: The F1-score is also known as the F Measure, and it measures the harmonic
mean/equilibrium between the precision and the recall, thereby balancing their trade-
off. It can be mathematically expressed as Equation (35).

F1 − score =
2 ∗ precision ∗ recall

precision + recall
(35)

Also, the higher the F1-score of a system, the better the balance between the precision
and recall of the system.

v. Precision: The precision of a classification system simply measures the ratio of cor-
rectly predicted positive instances to the total predicted positive instances. It can be
mathematically expressed as Equation (36).

Precision =
TP

(TP + FP)
(36)

A higher precision value implies that the model is excellent at avoiding false positives.

3. Results and Discussions
The results, ranging from data analysis to model testing obtained in this study, are

presented in this section.

3.1. Insights from Data Preprocessing

Figure 7 presents a histogram illustrating the distribution of transmission losses for
each line under consideration. The loss values for the African Foundries Limited line range
approximately between 0 and 6, with a concentration around 4. This suggests that the line
experiences consistent losses, which may be attributed to normal operational conditions or
typical inefficiencies.

For the Ikorodu1 line, the loss values range between −60 and 20, with the majority
of losses displaying a nearly normal distribution across the entire range. This indicates
a varied range of losses, potentially resulting from fluctuating operational conditions.
Similarly, the Ikorodu2 line shows loss values ranging from 0 to 150, with most of the losses
normally distributed throughout the plot. The peak at 0 could represent periods of minimal
usage or highly efficient operations. The Kamsteel line exhibits loss values between 0 and
16, with most data points concentrated near 0, indicating that lower losses dominate this
dataset. In contrast, the Paras line displays a multimodal distribution, with prominent
peaks near 0, between 60 and 80, and around 100–110. The wide range of this distribution
(0 to 120) suggests significant variability in the system, which may be due to changing
operational conditions or external factors.
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Figure 7. Distribution of losses for the lines under consideration.

For the Phoenix line, the distribution is positively skewed, with the majority of data
points concentrated between 1 and 3. Losses beyond 6 are rare, suggesting occasional
sporadic occurrences. The Quantum line, on the other hand, shows a sharp peak in the
0–5 range, with a right-skewed distribution and a notable drop in occurrences at higher
loss values, indicating possible outliers or rare events. The Starpipe line demonstrates the
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highest concentration of data in the 0–0.5 range, with over 300 occurrences. As the loss value
increases, the frequency of occurrences declines, with a wider distribution between 1 and 3.
In the case of Sunflag, a dominant peak occurs in the 0–1 range, with over 1000 instances.
A sharp decline is observed beyond this range, suggesting minimal variation in losses at
higher values.

The Taopex line exhibits multiple peaks, notably near 0, at 10, and around 18–20, with
instances exceeding 350. This suggests multiple operational conditions influencing the
losses. The Topsteel line shows a similar trend, with the highest concentration of data in the
0–0.5 range, with over 1300 occurrences, indicating that most values in this dataset are either
exactly 0 or very close to it. Finally, the Odogunyan line reveals a bimodal distribution,
with peaks around values 20–30 and between 110 and 125. This suggests that the line
experiences two distinct operational phases, each characterized by different loss behaviors.
These results provide a clearer understanding of the system dynamics, offering insights into
the causes of high variability in losses. Such information is crucial for improving system
performance and aligning operational strategies with performance objectives.

Figure 8 displays the correlation matrix heatmap, which depicts the Pearson correlation
coefficients between different lines, ranging from −1 to 1. A strong positive correlation
is observed between the “totalgen” and “totalloss” lines, indicating a strong relationship
between total generation and total losses. Additionally, a strong positive correlation is
observed between “paras” and “totalgen”. In contrast, “starpipe” and “taopex” exhibit a
strong negative correlation, suggesting an inverse relationship between these lines. The
“Energy Difference” line shows moderate correlations with several other lines, highlighting
its dependence on multiple factors. These findings are essential for understanding the
factors affecting losses, optimizing energy transmission, and improving overall efficiency
in power systems.

Figure 8. Correlation of the line losses.

Figure 9 illustrates the time series analysis of daily average energy losses for total
generation and total load in the system over the period from June 2024 to September
2024. The energy losses, expressed in megawatts (MW), exhibit significant fluctuations
throughout the analyzed period, characterized by notable spikes and dips. The energy loss
trend for the total load shows a relatively stable and gradual progression, with occasional
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minor peaks consistently remaining below 30 MW. In contrast, the daily average energy loss
for total generation demonstrates substantial variations, with a particularly high energy
loss observed at the beginning of June 2024, often exceeding 100 MW. This is followed by
sharp declines and subsequent spikes, suggesting instability or inefficiency in generation.
The sudden drops in energy loss observed in late June and mid-August 2024 are indicative
of potential system outages or scheduled maintenance events, which contribute to these
irregular fluctuations.

Figure 9. Time series of total generation and total loss.

Figure 10 presents the distribution of energy losses for both total generation and
total load within the network. The horizontal axis represents the magnitude of energy
loss, ranging from approximately −20 MW to 140 MW, while the vertical axis displays
the relative frequency of occurrence of these energy loss values, normalized to show the
probability density rather than raw observations. The area under each curve sums to 1,
offering insights into the overall behavior of the system. The distribution for total generation
exhibits a bimodal shape, suggesting that generation losses are more variable and prone to
extreme deviations. In contrast, the total load distribution is unimodal, with a prominent
peak around 20 MW, indicating that load losses tend to be smaller and more consistent
compared to generation losses. Additionally, there is a region of overlap between the
two distributions, specifically around 40–60 MW, which implies that, in certain scenarios,
generation and load losses may be of similar magnitude. The higher variability and greater
magnitude of generation losses highlight that energy production is more susceptible to
inefficiencies than the load side of the system.

Figure 10. Distribution of energy loss for total generation and total loss.
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The result presented in Table 12 shows the statistical description of the losses, offering
insight into the distribution and spread of the losses obtained from the case study. It
can be seen that AFL has a relatively small spread of loss values, ranging from 0 to 6.58,
with a mean, maximum, minimum, and standard deviation of 3.84, 6.58, 0, and 0.87,
respectively. Also, I1 has a wide spread of loss values, ranging from −67.71 to 25.81, with a
mean, maximum, minimum, and standard deviation of −23.16, 25.81, −67.71, and 15.12,
respectively. It was generally observed that the losses show wide variations, especially for
lines such as I1, Ps, Ogy, and ED, with large standard deviations indicating a high spread,
whereas some lines like Phx and Qt show relatively lower spread and variability.

Table 12. Statistical description of the line losses.

Statistic AFL I1 I 2 Ks Ps Phx Qt Sp Sf Tp Ts Ogy TG TL Bl ED

Mean 3.84 −23.16 78.52 2.52 69.40 2.95 2.56 1.31 4.25 7.24 7.26 45.56 76.64 24.69 −20.87 107.31
Min 0.00 −67.71 −1.37 0.00 0.00 0.00 0.00 0.00 0.00 −1.47 0.00 0.00 0.00 −100.18 −40.74 −40.74
25% 3.66 −32.54 69.89 0.00 43.19 2.21 2.30 0.39 0.42 1.01 0.80 19.12 55.62 12.76 −40.04 82.23
50% (Median) 4.04 −24.81 83.64 0.00 72.58 2.59 2.63 1.21 0.92 7.41 1.05 24.70 88.75 16.60 −10.20 113.91
75% 4.30 −15.34 93.49 3.18 96.50 3.49 2.93 2.00 7.16 11.90 16.93 82.70 104.71 39.72 −2.96 138.99
Max 6.58 25.81 128.60 17.87 114.41 12.27 21.51 3.68 21.60 21.88 44.60 129.59 117.85 68.51 54.39 218.97
Std Dev 0.87 15.12 24.80 4.23 36.14 1.64 1.01 0.96 6.01 5.81 10.13 42.25 35.62 15.71 32.30 45.60

3.2. Transmission Loss Classification Result

As shown in Table 13, energy theft has the highest occurrence, with 1440 instances,
while normal loss has the lowest occurrence, with only 29. All other loss types fall between
these two extremes. This suggests that energy theft is the most significant contributor to
losses in the network, and efforts should be focused on addressing it while also monitoring
the other loss types. Figure 11 presents the scatter plot of energy losses in the transmission
network, illustrating that the total loss for each data point ranges from approximately
−50 MW to over 200 MW. The data points are categorized into six different loss types, each
represented by a unique color.

Table 13. Distribution of loss by type.

Loss Type Count

Energy Theft 1440
Resistive Loss 169
Corona Loss 150
Reactive Loss 113

Metering Issues 79
Normal Loss 29

Total Counts 1980

Generally, it can be inferred that energy theft dominates the loss magnitude, indicating
that it is the largest contributor to total losses. It is also evident that metering issues and
normal loss are less frequent, with sparse occurrences suggesting they are less impactful.
In conclusion, this result provides an effective means of visualizing the classification and
magnitude of different loss types, highlighting the significant impact of energy theft.

Figure 12 presents a confusion matrix for evaluating the performance of the LSTM-
based classification model for predicting six different loss types. It can be observed from
the model that there were 19, 262, 10, 0, 16, and 23 correct classifications of corona loss,
energy theft, metering issues, normal loss, reactive loss, and resistive loss, respectively.
Additionally, the LSTM validation accuracy and training accuracy start at about 0.750
and 0.720, respectively, and increase steadily, though with significant fluctuations, which
implies the LSTM’s ability to learn from the training. Similarly, the training loss and
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validation loss start at a high value of approximately 1.7 and decrease continuously until
they reach approximately 0.5 by the end of the training process.

Figure 11. Classification of loss types.

(a) (b) (c)

Figure 12. LSTM model result.

Figure 13 shows the result of the LSTM-AM model with a confusion matrix, where it
is observed that there were 20, 262, 11, 0, 14, and 25 correct classifications of corona loss,
energy theft, metering issues, normal loss, reactive loss, and resistive loss, respectively.
The validation accuracy and training accuracy start at about 0.755 and 0.700, respectively,
and increase steadily with fluctuations, which implies the model’s ability to learn from
the training process. Similarly, the training loss and validation loss start at a high value of
approximately 1.7 and decrease continuously until they reach approximately 0.4 by the end
of the training process.

Figure 14 depicts the result of BiLSTM, where the confusion matrix reported that
21, 262, 11, 0, 20, and 22 correct classifications of corona loss, energy theft, metering
issues, normal loss, reactive loss, and resistive loss, respectively, were obtained. For the
model accuracy, the validation and training initiate at about 0.750 and 0.650, respectively,
and increase steadily with fluctuations, which implies the model’s ability to learn from
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the training process. Likewise, for the model loss, the training and validation initiate at
approximately 1.6 and 1.3, respectively, but decrease sharply to about 0.5 at 20 epochs and
continue until they reach approximately 0.4 by the end of the training process.

(a) (b) (c)

Figure 13. LSTM-AM model results.

(a) (b) (c)

Figure 14. BiLSTM model result.

Figure 15 depicts the result of the GRU model, with the confusion matrix reporting
that 20, 260, 11, 0, 17, and 21 correct classifications of corona loss, energy theft, metering
issues, normal loss, reactive loss, and resistive loss, respectively, were obtained. The model
accuracy and model loss of the GRU exhibit the same trend as that of BiLSTM.

Figure 16 presents the result of LSTM-BiLSTM, where the confusion matrix reported
that 20, 263, 10, 0, 13, and 22 correct classifications of corona loss, energy theft, metering
issues, normal loss, reactive loss, and resistive loss, respectively, were obtained. For the
model accuracy, the validation and training begin at about 0.750 and 0.450, respectively, and
increase steadily with fluctuations, indicating the model’s ability to learn from the training
process. Similarly, for the model loss, the training and validation initiate at approximately
1.7 and 1.5, respectively, but decrease sharply to about 0.5 at 20 epochs and continue until
the end of the training process.



Energies 2025, 18, 2742 23 of 28

(a) (b) (c)

Figure 15. GRU model results.

(a) (b) (c)

Figure 16. LSTM-BiLSTM model result.

Figure 17 presents a confusion matrix for evaluating the performance of the LSTM-
GRU-based classification model for predicting six different loss types. It can be observed
from the model that there were 15, 260, 11, 0, 18, and 24 correct classifications of corona loss,
energy theft, metering issues, normal loss, reactive loss, and resistive loss, respectively. For
the model accuracy, the validation and training start at about 0.750 and 0.675, respectively,
and increase steadily with fluctuations, depicting the model’s ability to learn from the
training process. Additionally, for the model loss, the training and validation start at
approximately 1.7 and 1.5, respectively, but decrease sharply to about 0.5 at 20 epochs and
continue until the end of the training process.

The results presented in Table 14 compare the accuracy of various loss models applied
to the case study. The table reports the performance of six different models: LSTM, LSTM-
AM, BiLSTM, GRU, LSTM-BiLSTM, and LSTM-GRU, which are formed from various
combinations of Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and
Attention Mechanism (AM). The accuracy values for these models are as follows: 83.33%
for LSTM, 83.84% for LSTM-AM, 82.07% for BiLSTM, 83.08% for GRU, 82.83% for LSTM-
BiLSTM, and 82.83% for LSTM-GRU. Based on these results, it can be inferred that the
LSTM-AM model achieves the highest accuracy, indicating that higher accuracy is desirable
for optimal system performance.
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(a) (b) (c)

Figure 17. LSTM-GRU model results.

Table 14. Comparison of LSTM with Models for Classification of Transmission Losses.

Model Accuracy (%) Precision Recall F1-Score

LSTM 83.33 0.83 0.83 0.83
LSTM-AM 83.84 0.54 0.58 0.55
BiLSTM 82.07 0.83 0.84 0.83
GRU 83.08 0.83 0.83 0.83
LSTM &
BiLSTM 82.83 0.82 0.83 0.82

LSTM & GRU 82.83 0.83 0.83 0.82

Furthermore, the precision values for the models are reported as follows: 0.83 for
LSTM, 0.54 for LSTM-AM, 0.83 for BiLSTM, 0.83 for GRU, 0.82 for LSTM-BiLSTM, and
0.83 for LSTM-GRU. Among these, the models LSTM, BiLSTM, GRU, and LSTM-GRU
demonstrate superior precision, as values closer to unity signify better precision. In terms of
recall, the values are as follows: 0.83 for LSTM, 0.58 for LSTM-AM, 0.84 for BiLSTM, 0.83 for
GRU, 0.83 for LSTM-BiLSTM, and 0.83 for LSTM-GRU. BiLSTM stands out with the highest
recall, which reflects better performance in correctly identifying relevant instances (with
values approaching unity indicating better recall). Finally, the F1-scores for each model are:
0.83 for LSTM, 0.55 for LSTM-AM, 0.83 for BiLSTM, 0.83 for GRU, 0.82 for LSTM-BiLSTM,
and 0.82 for LSTM-GRU. The F1-scores suggest that LSTM, BiLSTM, and GRU perform
better, with higher F1-scores indicating a balanced trade-off between precision and recall.

These results indicate that the integration of the attention mechanism (AM) slightly
enhances the LSTM performance for the transmission loss management system. Notably,
the hybridization of LSTM and GRU results in a lower accuracy of 82.83%, which is com-
paratively less effective than the other hybrid models. In conclusion, while the standalone
models GRU and LSTM performed well, the hybrid LSTM-AM model yielded the best
results, underscoring the importance of combining different models to achieve higher
accuracy. Figure 18 visually represents the results presented in Table 10, further illus-
trating that the hybrid LSTM-AM model provided the best performance, while BiLSTM
achieved the lowest performance. Based on these findings, it is recommended that hy-
bridizing deep learning models for feature extraction, combined with machine learning
models for classification, be adopted to enhance the performance of the transmission loss
management system.
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Figure 18. Comparison of Transmission Loss Classification Models.

The comparison of the present study with existing studies is presented in Table 15.
It can be observed that while existing studies focused chiefly on transmission line faults
detection and classification this study focused on transmission line loss classification. This
establish the novelty of this study with a focus on transmission line loss classification. It
should be noted that both the existing studies and the present study leverages deep models
for the purpose of classification.

Table 15. Comparison with existing studies.

Authors Focus Models Results

[41]
Transmission line fault
classification (Jamshoro-New
Karachi), Sindh, Pakistan

Temporal convolutional networks
(TCN)
Bidirectional Long Short-Term
Memory (BiLSTM)
Gated Recurrent Units (GRUs)

TCN achieves accuracy of 99.9%.
BiLSTM achieves accuracy of 92.31%
GRU achieves accuracy of 95.27%.

[42] Fault detection and location
power grid

Artificial neural network (ANN)
Adaptive Neuro-fuzzy inference
system (ANFIS)

ANN recorded 92–95% operational
efficiency
ANFIS recorded 97–99% operational
efficiency

[43]

Fault classification in 115-kV
hybrid transmission line in
the Provincial Electricity
Authority (PEA-Thailand)
system

Probabilistic neural networks (PNNs)
Back-propagation neural networks
(BPNNs)
Support vector machine (SVM)

PNN recorded 100% accuracy of
sending end
BPNN recorded 100% accuracy of
sending end
SVM recorded 100% accuracy of
sending end

Present Study Transmission line loss
classification

Long short-term memory (LSTM)
Bidirectional long short-term memory
(BiLSTM)
Gated recurrent units (GRU)
Long short-term memory—Attention
Mechanism (LSTM-AM)
LSTM-BiLSTM
LSTM-GRU

LSTM achieved accurcay of 83.33%
BiLSTM achieved accurcay of 82.07%
GRU achieved accurcay of 83.08%
LSTM-AM achieved accurcay of
83.84%
LSTM-BiLSTM achieved accurcay of
82.83%
LSTM-GRU achieved accurcay of
82.83%
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4. Conclusions and Future Directions
This study was driven by the inefficiencies inherent in traditional methods of manag-

ing transmission losses, which prompted the exploration of artificial intelligence (AI) as a
potential solution. The findings highlight the pivotal role of data preprocessing and feature
engineering as diagnostic tools, facilitating the identification of patterns, inefficiencies,
and correlations within energy system operations. These techniques emphasize the impor-
tance of optimizing generation processes to reduce the high variability and magnitude of
transmission losses while maintaining stable and manageable load losses.

Statistical analysis of transmission loss data revealed significant variations, particularly
for lines such as I1, Ps, Ogy, and ED, where large standard deviations indicated a broad
spread of values. The extreme fluctuations observed in the maximum and minimum values
of several variables suggested the presence of outliers, highlighting the need for targeted
strategies to minimize losses and enhance system efficiency. In evaluating the performance
of seven different classification scenarios, it was found that standalone models—GRU and
LSTM—performed well, while BiLSTM showed the least favorable results. Notably, the
hybrid LSTM-AM model outperformed all others, achieving the highest classification accu-
racy of 83.84%. This positions LSTM-AM as the most effective architecture for transmission
loss management. Although the accuracy of the models ranged from 82.07% to 83.84%,
the hybrid LSTM-BiLSTM and LSTM-GRU models both reached 82.83%, indicating that
combining these architectures did not lead to a significant accuracy improvement.

The study provides important findings and practical recommendations. Given the
strong performance of the hybrid LSTM-AM model, it is recommended that future trans-
mission loss classification systems adopt hybrid approaches that combine deep learning for
feature extraction with machine learning techniques for prediction. However, it is important
to acknowledge the study’s limitations, particularly the unavailability of comprehensive
transmission loss data from the Nigerian grid. This lack of data presented a challenge in
fully optimizing the model’s performance. Similarly, the lack of data limits the study to a
particular section of the entire Nigerian transmission network under consideration.

Looking ahead, future work will focus on exploring the optimization potential of the
Particle Swarm Optimization (PSO) algorithm to reduce energy losses in the transmission
system. This approach aims to further enhance system efficiency and maximize revenue
by minimizing transmission losses. Additionally, future studies may seek to expand the
dataset to strengthen model robustness and improve performance across diverse real-
world scenarios.
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