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Abstract—The integration of energy sources into modern power 

transmission networks generated new challenges for accurate and 

adaptive fault diagnoses due to increased operational uncertainty, 

nonlinear disturbances, and varying data values. This study 

proposes a novel hybrid intelligent diagnostic architecture using a 

Quantum-Infused Residual Attention Fusion Network (Qi-

ResAFNet) for high classification accuracy across various 

operational grid environments. Prior to extracting features, a 

systematic preprocessing of raw transmission-level dataset is 

performed including data cleansing, evaluation of data quality, 

and normalization prior to carrying out feature creation process. 

A comprehensive Exploratory Data Analysis (EDA) is then 

conducted to determine statistical characteristics, evaluate fault vs 

non-fault physical separation, and establish correlation patterns 

among the datasets. The feature engineering process is employed 

to create distinctive attributes from electrical signals in both time 

and frequency domains, thus providing improved representation 

of the signals for classification. The proposed Qi-ResAFNet is a 

new combination of quantum feature encoding, dual-attention 

fusion and deep residual network design to capture complex 

spatiotemporal correlations and quantum-enhanced interactions 

among features. The automated hyperparameter adjustment of 

the Heron Optimization Algorithm (HOA) significantly improve 

the generalization and convergence performance of the proposed 

architecture. Based upon the results produced by Python 

simulations of many fault-types under fluctuating energy supply, 

the proposed architecture achieves the highest accuracy, precision, 

recall and F1-Score of 0.99. This demonstrates that the proposed 

architecture provide rapid, reliable and flexible diagnostic 

capabilities of future intelligent transmission grids.     

Keywords—Preprocessing, Exploratory Data Analysis, Feature 

engineering, Quantum-Infused Residual Attention Fusion 

Network, Heron Optimization Algorithm.     

I. INTRODUCTION

ELIABLE transmission lines are the most important

components in power transmission networks and their 

continued reliability provide stability and efficiency for the 

electrical power grid [1]. Faults in transmission lines, including 

short-circuits, open-circuits and insulation failures create large 

power outages, damage to equipment and the disruption of 

services. As a result the development of advanced fault 

detection is critical in limiting the potential effects of these 
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failures and providing continued reliability to power systems 

[2-3].    

Transmission networks have different types of faults, causing 

total or partial disconnections from the transmission network. 

Consequently, fast and precise analysis of transmission line 

faults and their locations is vitally important in order to prevent 

cascading failures leading to blackouts, in order to assure safe 

and continuous transfer of bulk electrical energy over long 

distances [4-6]. Permanent faults occur as a consequence of 

heating from excessive heat, deterioration of insulation or 

tearing caused by sudden load transfers or switch operations or 

tearing of the line due to natural disasters. Once a permanent 

fault is identified, the fault must be classified and located so that 

maintenance occur quickly [7-9]. Traditionally, fault location is 

accomplished by means of manual inspection techniques or by 

means of model-based techniques, including impedances and 

travelling waves. Initially, fault location methods based on 

impedance are used to determine where the failure occurred in 

a power system [10-11].     

The impedance-based fault location methods require 

mathematical modeling, knowledge in the respective domain, a 

great deal of time, and many assumptions in order to function 

properly, therefore, their usefulness and dependability have 

diminished over time and are considered inadequate for today's 

modern power systems [12-14]. Unlike impedance-based 

methods, fault location methods based on travel time for a wave 

do not require mathematical models. However, they require the 

person operating to install expensive equipment at either end of 

a transmission line, and they cannot used on lines that have taps, 

such as three terminal lines or those with additional loads or 

sources [15].  

Transmission line failures exhibit nonlinear and complex 

behaviours, with the primary difficulty in detecting faults 

attributed to the sheer volume of data produced by sensors 

located along the transmission line. Conventional methods for 

detecting faults through traditional means tend to work in some 

cases [16]. However, they usually do not perform in relation to 

dynamic or large-scale systems on both accounts, systems that 

produce an important amount of noise. In addition, the 
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complexity of power transmission systems includes multiple 

interconnected parts and changes in environmental conditions, 

which greatly contributes to the overall complexity of 

diagnosing faults in power transmission systems. There has 

been a significant in using Deep Learning (DL) methods to 

solve difficulties faced with diagnosing faults in power 

transmission systems. With the ability of DL models to extract 

complex patterns from large datasets, it is applied very 

effectively to the diagnosis of faults in power transmission lines 

[17-19].  

Furthermore, DL models have the capacity to acquire 

pertinent features from raw data automatically, eliminating the 

need for time-consuming, human generated, and error-prone 

feature extraction by using conventional methods [20]. Hence, 

the proposed system uses a hybrid intelligent diagnostic 

architecture using Qi-ResAFNet for intelligent fault diagnosis 

in integrated power transmission system. Peichuan Sun et al 

[2023] [21] have proposed a fault diagnosis in integrated power 

transmission system using Support Vector Machine (SVM). 

The SVM approach provides an effective method to identify 

non-linear fault patterns using kernel functions and allows for 

the reliable detection of complex transmission line fault types, 

including single line-to-ground, line-to-line and three phase 

faults. Additionally, it decreases the potential for overfitting by 

maximizing the margin of separation between classes thereby 

enhancing the overall generalization performance in a real-time 

monitoring environment. However, the training time and 

memory requirements increase dramatically with large scale 

power system data and massive amounts of real-time data. 

Cheng Li et al [2023] [22] have developed a power system fault 

diagnosis and classification using Random Forest (RF). In 

large-volume data sets with extensive numbers of dimensions, 

RF provide an effective methodology for dealing with 

complicated signals that are typically present in power systems 

such as voltage, current, and frequency. In addition, RF handle 

nonlinear relationships and noisy data, both of which are often 

got in real-time transmission environments. Though, it require 

additional computations, resulting in additional memory usage 

and prolonged processing time when utilizing in real time. 

Nisreen Khalil Abed et al [2023] [23] have suggested a K-

Nearest Neighbours (KNN) method for detecting faults in 

power transmission line based on voltage and current. KNN is 

simple to implement and it is easy to deploy quickly. KNN 

performs for multiple classes of faults such as line-to-ground, 

line-to-line, and three-phase faults by comparing the current 

measurement or observation of the fault to historical recorded 

data from other faults. Nevertheless, the performance of KNN 

is negatively impacted if the training data contains a lot of noise, 

or if the selected features do not accurately represent the fault 

conditions and it have limitations in its ability to scale with 

large transmission systems. Hassan N. Noura et al [2025] [24] 

have established a fault detection and diagnosis in power 

transmission lines using Decision Tree (DT). DT are very 

effective at classifying both numerical inputs like voltage, 

current signals and categorical types of faults. DT requires very 

little computational power to classify the fault and is fast 

allowing for use in real-time protection type of applications. 

Additionally, DT automatically select the best features by 

selecting the variables in building the tree. Despite the ease of 

implementation and transparency using DT for diagnosing 

power transmission faults, DT is not generalize to highly non-

linear and complex faults within the transmission system when 

compared to ensemble methods. Rab Nawaz et al [2025] [25] 

have proposed a Gradient Boosting method for integrated fault 

diagnosis in power transmission lines. This method is extremely 

virtuous for detecting nonlinear and complex faults in signals 

such as voltage and current. Gradient Boosting performs with 

mixed types of features and model complex relationships 

between the parameters of transmission systems. Moreover, 

Gradient Boosting gives the ability to evaluate feature 

importance, which aid in finding features that are important in 

detecting and classifying faults. Nonetheless, the time required 

to create training sets on large-scale datasets related to power 

transmission delay its use in real-time protection systems. The 

existing limitations of an integrated power transmission system 

is addressed using a hybrid fault detection system, Qi-

ResAFNet. This system employs both residual learning and 

attention mechanisms to improve feature extraction and 

improve accuracy in classification. Additionally, the HOA is 

used to perform hyperparameter tuning to ensure that the model 

reaches optimal configuration, converges quickly, and 

enhanced diagnostic reliability. 

A. Objectives: 

The primary objectives of this study comprises,  

• To produce statistical summaries, examine 

correlations, and investigate distribution patterns in 

order to identify variations between fault and non-fault 

circumstances, EDA is implemented. 

• To improve the model's discrimination capabilities 

and reflect system dynamics, feature engineering is 

executed. 

• To enhance accurate classification and robustness of 

system states, Qi-ResAFNet utilized.  

• To increase convergence speed, stability, and overall 

classification performance, the Heron Optimization 

Algorithm is used to tune model hyperparameter.    

II. PROPOSED SYSTEM DESCRIPTION 

The proposed method provides a detailed and advanced 

analysis for fault detection within an integrated electric power 

delivery system through a hybrid Qi-ResAFNet. The block 

diagram of Qi-ResAFNet classification is displayed in Fig. 1.  
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Fig. 1. Proposed block diagram.

The process begins by performing preprocessing the raw data 

set by cleaning and normalizing the data to eliminate 

inconsistencies and noise, and create an equivalent 

representation of the data. After preprocessing, EDA is 

performed to determine the statistical properties of the data, 

correlation between variables, and distribution of the observed 

values to enhanced both fault and non-fault characteristics. 

Discriminative features in both the time and frequency domains 

is derived in the feature engineering stage, which provide both 

temporal dynamics and frequency information of the signals 

transmitted by the system, thus enhancing the ability to 

distinguish between normal and faulty system operation. The 

Qi-ResAFNet classifier receives enriched features, and its deep 

feature propagation through the use of residual learning reduces 

gradient vanishing. An attention mechanism prioritizes the use 

of informative features. The hybrid classifier improves the 

representation of features, facilitates more efficient learning 

process and more reliable classification results. In addition, the 

evaluation of fault and non-fault conditions is enhanced through 

hyperparameter tuning with the HOA. The advantages of using 

HOA are optimal parameters, quicker convergence of the 

model, and improved generalization. The final output of the 

classification system provides an accurate evaluation of fault 

and non-fault conditions and assist in providing reliable, robust, 

and effective diagnosis of faults, depending on actual operating 

conditions.   

III. PROPOSED SYSTEM MODELLING 

A. Preprocessing: 

Preprocessing is an important step to ensure the intelligent 

fault diagnosis of electricity transmission systems accurately 

and reliably. The purpose of this stage is to provide the data 

generated by voltage, current, frequency, and other types of 

sensor signals to advanced computational models for effective 

fault detection and classification.     
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1) Data Cleaning: 

Data cleaning is a significant role in applying intelligent fault 

diagnosis for integrated power transmission systems as they 

consist of many different components across multiple locations 

providing heterogeneous data. It is used to accommodate the 

wide variability in operational conditions and signals. This 

generally involves structured operations such as collecting data 

from the system, assessing the mechanical or electrical systems 

that generate the data and identifying noise within a particular 

measurement due to disturbances. Once the inconsistencies or 

invalid measurements are removed from the dataset, more valid 

data points are provided for subsequent processing of the data 

and the dataset is given as a compiled CSV file.              

2) Normalization: 

Intelligent fault diagnosis for integrated power transmission 

systems uses various monitoring devices of networks from 

multiple locations which include electrical and operating data 

such as voltage, current, frequency, power, impedance, 

temperature, and vibration within each substation and 

transmission element. Due to different voltage levels and 

equipment ratings, these measurements frequently have large 

numbers with different numerical ranges. To create a uniform 

scale for this data, each parameter is equally weighed, the 

normal process is to apply Min-Max normalization to rescale 

all of the parameters, typically in a range of [0, 1]. The 

normalized value of a measurement using Min-Max 

normalization is calculated as, 

  𝑋𝑆𝑐𝑎𝑙𝑒𝑑 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
                                (1) 

Where, 𝑋𝑆𝑐𝑎𝑙𝑒𝑑  characterizing the original measured value, 

𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥  are the respective min and max values for the 

characterizing parameter. 

The primary benefits associated with the use of min-max 

normalization in integrated power transmission systems 

include, low computational complexity and applicable to real-

time monitoring environments. Therefore, the intelligent fault 

detection system provide a timely response and more accurately 

detect anomalous conditions within the transmission system.   

B. Exploratory Data Analysis 

1) Statistical Summaries: 

The use of statistical summaries is important for intelligent 

fault diagnosis in analyzing electrical parameters like voltage, 

current, frequency, and power through the calculation of means, 

standard deviations, variances, distributions. By analyzing 

these metrics, deviations from normal operational states are 

identified, revealing abnormalities such as sudden flows in 

current, drops in voltage, or fluctuations in either measurement, 

which typically indicates faults within transmission lines. 

2) Correlation and distribution plots: 

Analyzing correlations helps to identify connections between 

multi-phase voltage and current signals during fault events by 

determining interdependency among those associated with 

particular phases. Distribution plots show the behaviour of data 

under both normal and faulty conditions, therefore the 

distribution of values for faulty parameters typically have 

skewed distributions and differentiated from the normal 

behaviour of the system. 

3) Fault vs Non-Fault behavior: 

When differentiating between healthy and unhealthy 

operating states, EDA provides insight into each variable 

behaves under different operating conditions and therefore 

supports accurate feature selection for improved performance, 

reliability, and accuracy of intelligent fault classification 

models used to monitor and manage integrated power 

transmission systems. 

C. Feature Engineering: 

Feature engineering is the most important processes of 

identifying faults through a high level of intelligence using 

voltage and current signals from transmission lines to create 

individual values that significantly enhance the quality of the 

classification systems.  
TABLE I 

 FEATURE SUMMARY FOR THE PROPOSED Qi-ResAFNet  

Attribute Description  

Input features  la, lb, lc, Va, Vb, Vc 

Feature extraction Time domain and frequency 

domain 

Feature scaling Standard scalar 

Feature selection Not applied 

Dimensionality reduction Not applied 
 

The feature engineering phase involves generating data from 

the electrical signals, namely Ia, Ib, Ic, Va, Vb, and Vc. From 

the time and frequency dimensions of these signals, time-

domain and frequency-domain features are generated to provide 

reliable information about fault occurrences. The generated 

features are passed to the Qi-ResAFNet classifier to compute 

the outcome.   

1) Time features: 

Time-domain features are extracted from electrical signals 

that captured in their original state. They include cumulative 

movement over time, maximum and minimum values, average, 

amount of scattered data, magnitude of dispersion, degree of 

error from the mean, frequency of very large or small events, 

ratio of the largest signal's amplitude to the average amplitude 

and overall amount of signal energy. Time-domain features 

capture these abrupt changes very effectively and help to 

determine the faults such as current, voltage and wave forms 

associated with the system, because these features, it is ideal for 

monitoring and protecting against faults in real-time.  

2) Frequency analysis: 

Frequency domain analysis are conducted by transforming 

time-based signals into frequency terms. Harmonics, sub-

harmonics, and complicating frequency behavior result from 

the switching of transmission lines, insulation failures, and 

electrical arcing faults. To characterize the type of fault 
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occurring in the transmission lines, the types of faults include 

the use of dominant frequency components, bandwidth across 

the entire frequency spectrum and the cumulative effect of 

harmonic distortion. Also, frequency-domain features is 

beneficial when differentiating between transient and sustained 

fault events, and identifying issues associated with the power 

quality of the energy supply. 

D. Classification - Quantum-Infused Residual Attention

Fusion Network:

The diagnostic transformation using a reconstructed process 

matrix (𝑋𝑒𝑥𝑝𝑡) that maps the various multi-sensor

measurements such as voltage, current, frequency, harmonics, 

temperature, and vibration for making fault decisions. The 

model contains quantum enhancements beyond classical 

approaches, the key characterization are summarized below. 

The quantum compositionality definition defines the smallest 

amount of a true quantum component that is found in the 

diagnostic transformation, 

𝑋𝑒𝑥𝑝𝑡 = 𝛼𝑋𝑄 + (1 − 𝛼)𝑋𝐶  (2) 

Where, 𝑋𝑄 denotes the quantum parts, 𝑋𝐶 represents the

classical aspects, 𝛼 is a minimal amount of quantum and a non-

zero value for 𝛼  verifies that the quantum-infused model 

includes inherent quantum correlations between the signals of 

the transmission system and do not contain classical feature 

extraction. In terms of noise and other types of disturbances, the 

process robustness measures the quantum-infused model.  

𝑋𝑒𝑥𝑝𝑡+𝛽𝑋′

1+𝛽
= 𝑋𝐶  (3) 

In the framework for defining noise, 𝛽 represents the 

minimal amount of noise required to convert a quantum process 

into a classical process, higher values denote greater robustness 

of the diagnostic framework to measure uncertainties and 

system perturbations. The fidelity condition provides a means 

to assess the degree of similarity between the process 

implemented and the ideal target quantum fault classifier 𝜒 𝑄 𝑇 

(chi QT).  

𝐹𝑒𝑥𝑝𝑡 ≡ 𝑡𝑟(𝑋𝑒𝑥𝑝𝑡  𝑋𝑄𝑇
) > 𝐹𝐶 ≡ max

𝑋𝐶

𝑡𝑟 (𝑋𝐶𝑋𝑄𝑇
)        (4) 

If this inequality holds, then the quantum-infused approach 

provides a significant improvement in diagnostic ability over 

the best classical model. Finally, the entropy measure provides 

to evaluate the information structure of the diagnostic 

transformation.  

𝑆(𝑋𝑒𝑥𝑝𝑡) < 𝑆𝐶 ≡ min
𝑋𝐶

𝑆(𝑋𝐶)    (5) 

Lower entropy indicates structured quantum correlations and 

lower uncertainty in fault classification. This provide a quantum 

contribution, robustness and enhanced diagnostic capability of 

the quantum-infused intelligent fault diagnosis framework for 

integrated power transmission systems.  

The Qi-ResAFNet mentioned is merely inspired by quantum 

technology in its proposed design and hence does not involve 

the use of quantum hardware, quantum circuits, quantum 

operations, or phenomena like entanglement or superposition. 

The quantum process matrix, fidelity, and entropy equations as 

formulated are simply employed to represent the interactions of 

features in addition to the uncertainty and relationships of 

information in the diagnostic process. Such formulations give a 

theoretical upgrade to the feature representation but use 

classical DL technology throughout the overall approach.  

Residual Attention is used to extract and refine electrical 

characteristics through measurements of multiple sensors, such 

as voltage, current measurement, frequency deviation or 

harmonic distortion. Let the multi-channel input signal is 

denoted by the element 𝜖𝑅𝐶×𝑇 . Each attention module has a

trunk branch, which extracts nonlinear deep features, producing 

feature maps𝑇(𝑥), representing fault-sensitive attributes such 

as signal transients, oscillatory signals, and distorted 

waveforms due to interaction with the grid, and a mask branch 

which has a bottom up or top down hierarchy to generate an 

attention map 𝑀(𝑥) that is the same as 𝑇(𝑥) but is used for 

hierarchical modeling of local disturbances and anomalies at a 

system-wide level. After the attention module processes the 

output signal is as follows,  

𝐻𝑖,𝑐(𝑥) = 𝑀𝑖,𝑐(𝑥) ∗ 𝑇𝑖,𝑐(𝑥)  (6) 

The temporal position is given by 𝑖 and the index of the 

channel used for transmission is given by 𝑐 ∈ {1, 2… 𝐶}. The 

mask value 𝑀𝑖,𝑐(𝑥)∈ [0, 1] provides adaptive control gates that

allow the model to emphasize the important fault-related 

features, while reducing the impact of measurement noise. 

When the model is being trained using back propagation, the 

trunk branch parameter gradient is modulated using the learned 

mask parameters by the following equation, 

𝜕𝑀(𝑥,𝜃)𝑇(𝑥,𝜙)

𝜕𝜙
= 𝑀(𝑥, 𝜃)

𝜕𝑇(𝑥,𝜙)

𝜕𝜙
 (7) 

The gradient filtering process eliminates the impact of 

irrelevant or noisy components on the parameters updates, 

which improves robustness to mislabelled examples of faults 

that contain ambiguity. Multiple attention modules stack 

together to progressively refine features across the various 

networks layers, model waveform-level disturbances, 

intermediate networks, model harmonic, frequency-related 

disturbances and deep networks, classify at the fault-level. 

Thus, the residual attention provides multi-scale learning, 

which is resilient to noise, and provides equitable learning for 

intelligent fault diagnosis on integrated power transmission 

systems. The structure of Qi-ResAFNet is shown in Fig. 2. 
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Fig. 2. QI-ResAFNet model. 

When diagnosing faults in integrated power transmission 

systems, the analysis is made based on two temporal operating 

states, the reference state 𝑆1 (normal condition) and the current 

state 𝑆2 (suspected faulty condition). Measurement 

abnormalities for voltage, current, frequency, phase angle, and 

power flow are detected by comparing these states directly. 

However, direct comparisons of low-level electrical features 

are susceptible to measurement noise, synchronization errors, 

switching disturbances, and load changes, which produce a 

false alarm. Using high-level abstract representations possibly 

will not detect the incipient faults. To resolve this issue and 

achieve a detection mechanism that is balanced and reliable, a 

three-branch (𝑁1, 𝑁2, 𝑁3) dense convolutional fusion 

architecture is utilized. The purpose of the first and second 

branches is to extract feature sets from the two temporal 

operating states 𝑆1 and𝑆2. The third branch of the architecture 

uses the concatenated representations from the first two 

branches to acquire correlated fault characteristics. By creating 

a densely connected representation, the architecture creates an 

invariant representation of the fault by reusing feature maps 

from all preceding layers. The feature maps of the 𝑙𝑡ℎ layer from 

the 𝑟𝑡ℎ  dense block of the 𝑖𝑡ℎ branch are computed as follows, 

𝐹𝑙,𝑑𝑟
𝑖 = 𝐻𝑙−1,𝑑𝑟

𝑖 ([𝐹0,𝑑𝑟
𝑖 , 𝐹1,𝑑𝑟

𝑖 , . . . 𝐹𝑙−1,𝑑𝑟
𝑖 ]), 𝑟 = 0,1; 𝑖 = 1,2,3 (8) 

The concatenation of all previous feature maps is represented 

as [⋅], while 𝐻(∙) is a composite of batch normalization, 3 x 3 

convolution and ReLU activation functions is applied. Using 

the dense formulation extracts features allows for additional 

propagation of features, increases the flow of gradients and 

improves the ability to learn invariant transit fault signatures. 

Once features are extracted from both 𝑁1 and 𝑁2 , they are 

passed through a sigmoid activation function to yield 

embeddings 𝑃1 and 𝑃2 then, the dissimilarity of the two 

operational states is calculated based on the Euclidean distance,   

  𝐷 = ∥ 𝑃1 − 𝑃2 ∥2                        (9) 

Where, D indicates more significant difference between 

normal functioning and current grid conditions. Two 

concatenated inputs [𝑆1,𝑆2] are used to determine an output 𝑂 

that indicates the probability of a fault in the current state as 

expressed by 𝑂 ∈  [0, 1]. The two outputs, 𝐷 and𝑂 provide two 

types of complementary diagnostic information. 𝐷 provides the 

extent of the deviation from normal grid condition, 𝑂 provides 

the probability of a fault occurring. Using both combined 

outputs, reduces the potential for incorrect identification of a 

fault by minimizing both false positives and false negatives.   

The Qi-ResAFNet offers an intelligent means for diagnosing 

faults in integrated power transmission. The quantum element 

improves diagnosis by providing a structured relationship 
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between features to enhance diagnostic capability, increase 

robustness to noise, and reduce uncertainty. The use of the 

residual attention mechanism highlights features associated 

with faults while reducing noise to facilitate multi-scale and 

resilient feature learning. The fusion architecture improves 

reliability even further by determining the normal state and fault 

state for each feature's probability of fault and deviation 

magnitude. This framework provides an accurate, noise-

tolerant, and reliable diagnosis of faults in dynamic power 

systems.   

E. Optimization- Heron Optimization Algorithm:  

The HOA method is designed to further enhance the Qi-

ResAFNet for intelligent diagnosis of faults in integrated power 

transmission systems. This method is used to optimally set the 

parameters desired to diagnose faults like feature weights, 

classifier coefficients, decision thresholds and deep learning 

hyperparameter from multi-sensor data including voltage, 

current, frequency deviation, harmonic distortion, temperature 

and vibration signals. Each heron's position represents a 

potential solution vector of diagnostic parameters 𝑋𝑖  and 

evaluated to determine a ranking for each solution using a 

fitness function 𝑓(𝑋𝑖) which measures classification accuracy, 

fault detection rate or error minimization.  

During the camouflage-predation phase of the algorithm, a 

density-based local search is performed around the current 

solution. To perform this method, the density of local 

neighbours are first calculated to estimate many neighbours 

exist in the surrounding search area. When the density is high, 

there are a lot of neighbours with similar set of diagnostic 

parameters. Where the stagnation occurs around the current 

neighbourhood solution which cause the search to stuck at a 

local optimum.  

𝐷𝑖 = ∑
1

1+‖𝑋𝑗−𝑋𝑖‖

𝑘
𝑗=1                           (10) 

Following that, the locality of the search is defined based on 

comparing the fitness of neighbouring solutions to define a 

direction of search towards a diagnostic configuration with an 

improved fault discrimination capability. The gradient term 

define a direction in which candidates move toward potential 

diagnostic configurations with better performance than current 

ones.   

𝐺𝑖 =
∑ (𝑋𝑗−𝑋𝑖)𝑘

𝑗=1 (𝑓(𝑋𝑖)−𝑓(𝑋𝑗))

𝑘
                (11) 

Additionally, step size are modified for adaptive refinement 

according to computed density, small steps are taken for high 

density areas for fine tuning and large steps are made for low 

density areas to improve exploration.  

𝑆𝑡𝑒𝑝𝑖 =
𝛿

1+𝐷𝑖
                                (12) 

The result of this process is a new diagnostic parameter 

vector and is defined below, 

𝑋𝑖
𝑛𝑒𝑤 = 𝑋𝑖 + 𝑆𝑡𝑒𝑝𝑖 ∙ 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝐺𝑖)             (13) 

In order to hasten the convergence to the optimal diagnostic 

configuration, the neck retraction mechanism models a rapid 

approach towards the best solution. This mechanism serves to 

enhance the speed, where convergence is achieved during the 

early iterations of the search and progressively stabilizes an 

ongoing search in the later iterations of the search to avoid 

oscillations.      

𝑋𝑖
𝑛𝑒𝑤 = 𝑋𝑖 + 𝛾(𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑖) (1 −

𝑡

𝑀𝑎𝑥𝐼𝑡𝑒𝑟
)         (14) 

Where, 𝑋𝑏𝑒𝑠𝑡  is the globally best diagnostic solution, γ is the 

acceleration factor, t is the current iteration number and 

𝑀𝑎𝑥𝐼𝑡𝑒𝑟 is the maximum number of iterations. 

To balance global exploration with local exploitation while 

diagnosing nonlinear and complex faults within an electrical 

power transmission system, a hierarchical foraging strategy is 

utilized. As the current iteration progresses, the probability of 

performing global exploration is reduced exponentially, 

allowing for greater opportunities for searching in the initial 

phase and more opportunities for refined exploitation in the 

final phase.  

𝑝𝑔𝑙𝑜𝑏𝑎𝑙(𝑡) = 𝑒𝑥𝑝 (−𝜆
𝑡

𝑀𝑎𝑥𝐼𝑡𝑒𝑟
)                (15) 

Here, λ is a parameter that determines quick global 

exploration which decay. The robustness of ecosystem-aware 

migration is based on its ability to withstand a variety of 

operations of the grid, including load changes, disturbances and 

uncertain data from sensors. The flowchart of HOA is depicted 

in Fig. 3.  

 

Fig. 3. Flowchart of HOA. 
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 A measure to fit the environment for the individual is 

calculated using a value called a suitability function, 𝑆(𝑋). 

Each individual migrates to the most proximal environment, 

which provides it with the most suitable alternative.  

𝑋𝑒𝑛𝑣_𝑏𝑒𝑠𝑡 = arg max
𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟

𝑆(𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟)          (16) 

𝑋𝑖
𝑛𝑒𝑤 = 𝑋𝑖 + 𝛽 ⋅ 𝑟𝑎𝑛𝑑() ⋅ (𝑋𝑒𝑛𝑣_𝑏𝑒𝑠𝑡 − 𝑋𝑖)       (17) 

Where, 𝛽 is the migration step size, and 𝑟𝑎𝑛𝑑() represents a 

random perturbation. These processes helps to accelerate 

convergence rates, increase accuracy in fault classification, 

deter premature stagnation, and provide a robust and intelligent 

fault diagnostic capability within a connected power 

transmission system.  

IV. RESULT AND DISCUSSION 

The Qi-ResAFNet-HOA approach is tested with data 

collected from multi-sensor measurements taken from a power 

transmission integrated system under both normal and multiple 

fault conditions. Some of the variables in the dataset collected 

are voltage, current, frequency deviation, harmonic distortion, 

temperature and vibration.   
TABLE II 

 DESCRIPTION OF DATASET 

DATASET DESCRIPTION 

Dataset Name Electrical fault detection and 

classification 

Data Source Kaggle 

File Name Classdata.csv 

Train-Test split 80:20 

Total Features 10 

Features Name G, C, B, A, la, lb, lc, Va, Vb, Vc 

Input features (X  Labels) 'Ia', 'Ib', 'Ic', 'Va', 'Vb', 'Vc‘ 

Output feature (Y Labels) Create the Target Feature Using G,C,B,A 

Y Labels Fault_Type 

Class names (Fault_Type) LG Fault, LLG Fault, LLL Fault, No 

Fault, Other 

Class 6 

Total Counts 7861 

Feature Count 11 

Fault Type No Fault     -  2365 
LLG Fault     - 1134 

LLLG Fault    - 1133 

LG Fault      - 1129 
LLL Fault    -  1096 

Other         - 1004 

Table II shows the description where electrical fault 

detection and classification dataset is used. It consists of 7861 

records with 10 total features (G, C, B, A, Ia, Ib, Ic, Va, Vb, and 

Vc). Among these, six features (la, lb, lc, Va, Vb, Vc), are 

considered as inputs features and the output feature, Fault_Type 

is generated by combining G, C, B, and A. Six fault classes are 

considered in the dataset, namely No Fault, LG Fault, LLG 

Fault, LLLG Fault, LL Fault and Other. The initial data is split 

into 80% for training and 20% for testing purposes, which 

allowed to create a well-structured dataset for the purpose of 

developing and testing the fault classification model.      

 

Fig. 4. a) Percentage of fault type, b) Distribution of all current and voltage features, c) Empirical cumulative distribution of la, d) Trend of phase-A current (la), 

e) Distribution of la across fault types, f) Kernel density estimation of la. 

Fig. 4 displays the distribution of fault types based on data 

and statistical evaluations of phase A (Ia) current. It indicates 

that the case with No Fault is at the highest percentage when 

compared to the other faults, with even distribution across the 
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remaining faults. The plots illustrate both the variation, 

cumulative behavior, trend over time, and the density of current 

(Ia) for different faults. There are many unique traits associating 

with various situations that relate to the existing faults. 
 

 

Fig. 5. a) Distribution of phase-B current (lb), b) Cumulative sum of phase-A current (la), c) Distribution of currents, d) Autocorrelation function of phase- A 

current (la), e) Probability distribution of log-transformed la, f) Correlation heatmap. 

Fig. 5 provides statistical evaluation of current signals in 

order to include the distribution of phase B (Ib) current, 

cumulative behavior of phase A (Ia) current, and a comparison 

of current density (Ia versus Ib and Ic). It also provides an 

autocorrelation of phase A (Ia) current and the log-transformed 

current distribution for phase A (Ia), along with a comparison 

matrix that illustrates the correlation between all current and 

voltage-related features.  
 

TABLE III 

CLASSIFICATION REPORT OF THE PROPOSED SYSTEM (QI-

RESAFNET-HOA) 

ACCURACY PRECISION RECALL F1-SCORE 

LG Fault 0.99 1.00 1.00 1.00 
LLG Fault 0.99 0.97 0.98 0.97 

LLL Fault 0.99 0.98 0.96 0.97 

LLLG Fault 0.99 1.00 1.00 1.00 
No Fault 0.99 1.00 1.00 1.00 

Other 0.99 1.00 1.00 1.00 
Weighted Average 0.99 0.99 0.99 0.99 

In table III, Qi-ResAFNet-HOA developed a model that 

achieved an accuracy greater than or equal to 99% with 

precision, recall and F1-scores near or equal to 0.99 for all fault 

categories. As such, most of the numerous fault categories 

produced a perfect or near perfect identification of the fault 

category type in this research, making the fault classification 

performance highly reliable and robust. 

   While the suggested model indicated high classification 

performance, it is important that the results should be examined 

in the characteristics of the dataset. The dataset is composed of 

distinct fault categories and their corresponding distinctive 

electrical features that make it easier to differentiate between 

them. Moreover, fivefold cross-validation is conducted to 

assess robust and generalizable, and the results through all the 

folds of the models are consistent with each other, supporting 

the accuracy of the results in this work.  

 

Fig.  6. 5-Fold cross validation accuracy 

   The 5-fold cross-validation accuracy is shown in Fig. 7. The 

model produces high accuracy, between 98.79% and 99.08%. 

Its best performance is in Fold 4 (99.08%) while the lowest 

accuracy is in Fold 5 (98.79%). The small variation of the 

model's performance across folds shows that it is consistent and 

reliable. 
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Fig. 7. a) ROC curve for Qi-ResAFNet-HOA, b) Confusion matrix for Qi-ResAFNet-HOA, c) Model accuracy for Qi-ResAFNet-HOA, d) Model loss for Qi-

ResAFNet-HOA. 

Fig. 7 indicate that Qi-ResAFNet-HOA achieved a perfect 

classification with the AUC values approaching 1.0 and few 

incorrect classifications being noted in the confusion matrix. 

The training and validation accuracy approaches approximately 

99% with a continued steady decline in loss indicating stable 

convergence and thus producing a highly reliable model.  
TABLE IV 

CLASSIFICATION REPORT OF QI-RESAFNET 

ACCURACY PRECISION RECALL F1-SCORE 

LG Fault 0.96 1.00 1.00 1.00 
LLG Fault 0.96 0.97 1.00 1.00 

LLL Fault 0.96 0.92 0.70 0.80 

LLLG Fault 0.96 0.81 0.95 0.87 
No Fault 0.96 1.00 1.00 1.00 

Other 0.96 1.00 1.00 1.00 
Weighted 
Average 

0.96 0.96 0.96 0.96 

Qi-ResAFNet demonstrates an accuracy of approximately 

96% with excellent results across most fault groupings in table 

IV. LLL and LLLG fault types, present notably lower recall and 

F1-scores. This limits the effectiveness of the entire model. 

Overall, the model shows strong classification across the board 

but is below that of the improved model. 

In Fig. 8, Qi-ResAFNet achieves roughly 96% accuracy on 

the dataset with very high AUC for the majority of the fault 

types, however there is a large amount of misclassification 

between LLL and LLLG. Qi-ResAFNet continues to show 

stable training with steadily increasing accuracy and steadily 

decreasing loss. The enhanced version of Qi-ResAFNet 

performs at a higher level. 
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Fig. 8. a) ROC curve for Qi-ResAFNet, b) Confusion matrix for Qi-ResAFNet, c) Model accuracy for Qi-ResAFNet, d) Model loss for Qi-ResAFNet

TABLE V 

CLASSIFICATION REPORT OF RESAFNET 

ACCURACY PRECISION RECALL F1-SCORE 

LG Fault 0.91 1.00 1.00 1.00 
LLG Fault 0.91 0.98 0.90 0.94 

LLL Fault 0.91 0.81 0.56 0.66 

LLLG Fault 0.91 0.66 0.89 0.75 
No Fault 0.91 1.00 1.00 1.00 

Other 0.91 1.00 1.00 1.00 
Weighted 
Average 

0.91 0.91 0.91 0.91 

In table V, ResAFNet has an accuracy of about 91%, and 

very good detection performance across the majority of all 

faults, whereas LLL and LLLG fault type detection ability is 

the other fault types resulting in lower recall and F1-scores. 

Therefore, overall, ResAFNet is not as effective as the 

enhanced models. 

Fig. 9 results shows ResAFNet achieves approximately 91% 

accuracy on the entire dataset, with very high AUC for most 

fault types. A large number of incorrect classifications occurred 

between LLL and LLLG, indicating that the model exhibited 

unstable training across most artificial neural networks trained 

during this time period. The enhanced ResAFNet performs at a 

higher accuracy than the current model. 
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Fig. 9. a) ROC curve for ResAFNet, b) Confusion matrix for ResAFNet, c) Model accuracy for ResAFNet, d) Model loss for ResAFNet

TABLE VI 

CLASSIFICATION REPORT OF AFNET  

ACCURACY PRECISION RECALL F1-SCORE 

LG Fault 0.90 1.00 0.76 0.87 

LLG Fault 0.90 0.95 0.96 0.96 

LLL Fault 0.90 1.00 0.87 0.93 

LLLG Fault 0.90 0.91 1.00 0.95 

No Fault 0.90 0.79 1.00 0.88 

Other 0.90 1.00 0.64 0.78 

Weighted 

Average 

0.90 0.91 0.90 0.89 

In table VI, the AFNet model provides an accuracy of about 

90%, with some fault classes achieving high performance while 

others exhibit imbalanced precision versus recall scores. As a 

result, its overall classification performance is at moderate 

levels compared to enhanced classifiers. 
 

 

TABLE VII 

DATASET COUNT 

Fault Type Count Percentage (%) 

No Fault 2365 30.09 

LLG Fault 1134 14.43 

LLLG Fault 1133 14.41 

LG Fault 1129 14.36 

LLL Fault 1096 13.94 

Other 1004 12.77 

Total 7861 100.00 

The dataset comprises 7,861 fault occurrences spread over 

six fault classifications in table VII. The No Fault class is the 

largest class containing 2,365 samples (30.09%), followed by 

the LLG fault (14.43%) class, the LLLG fault (14.41%) class, 

the LG fault (14.36%) class, and the LLL fault (13.94%) class. 

The other category consists of 1,004 samples (12.77%). In 

general, the fault classes are well-balanced apart from having a 

larger percent of the No Fault class.
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Fig. 10. a) ROC curve for AFNet, b) Confusion matrix for AFNet, c) Model accuracy for AFNet, d) Model loss for AFNet. 

In terms of AUC values in Fig. 10, AFNet's results 

demonstrate the potential to achieve nearly 90% accuracy 

across various types of faults. However, it suffers from 

significant misclassification rates across several classes. 

Nevertheless, classification accuracy continues to increase, and 

training loss continues to decrease throughout the model's 

development and demonstrates that it sufficiently trained but 

less effectively than more enhanced classifiers. 

 

Fig. 11. a) Model accuracy comparison, b) Comparison of precision, c) Recall comparison, d) F1-Score comparison. 
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Fig. 11 clearly demonstrate that the proposed Qi-ResAFNet-

HOA outperforms the Qi-ResAFNet, ResAFNet, and AFNet. 

The Qi-ResAFNet-HOA produces the highest accuracy and 

produces consistently superior levels of precision, recall, and 

F1-scores across each class of fault.    

TABLE VIII 
 COMPUTATIONAL BENCHMARK  

Metric Value 

Total parameters 60,038 

Inference time (Total) 0.3495 s 

Inference time per sample 0.2222 ms 

Model size 0.81 MB 

Operating system Windows 10 

Processor  Intel64 family 6 model 158 stepping 

10, Genuine Intel 

Tensor flow version 2.19.0 

Python version 3.10 

GPU availability CPU Only (No GPU) 

In table VIII, the proposed model weighs only 0.81 MB of 

model size and provide 60,038 parameters, enabling efficient 

inference of 0.2222 ms latency under specific experimental 

CPU; while, the actual latency for embedded or edge protection 

systems differ because of processor, memory and hardware 

specification. Further, the testing is performed on Windows 10 

OS on Intel-based CPUs with Tensor Flow 2.19.0 and Python 

3.10 without GPU acceleration.     

TABLE IX 

 COMPARATIVE ANALYSIS OF ACCURACY  

SI.NO METHODS ACCURACY 

1 DT [24] 0.79 

2 RF [22] 0.90 

3 KNN [23] 0.93 

4 LSTM-AE [26] 0.98 

5 PROPOSED 0.99 

According to the results of the comparison in table IX, the 

proposed approach is improved than all other approaches, 

including LSTM-AE (0.98), KNN (0.93), RF (0.90), and DT 

(0.79), with its accuracy score being the highest at 0.99. Hence, 

the proposed model provides superior results in this regard. 

Fig. 12. Comparison of precision. 

Fig. 12 illustrates that the proposed approach is superior to 

KNN (0.92), RF (0.90), and DT (0.79) in terms of the precision 

metric, with its precision being the highest at 0.99. Therefore, 

the proposed model is superior in providing accurate positive 

predictions.      

Fig. 13. Comparative analysis of recall and F1-Score. 

Fig. 13 demonstrates that the proposed approach provides the 

highest recall and F1 score (0.99 each), followed by RF (recall 

0.94, F1 score 0.91) and DT (recall 0.79, F1 score 0.79). Thus, 

the proposed model provides the most balanced and dependable 

performance classification metrics. 
TABLE X 

COMPARISON OF PERFORMANCE METRICS 
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1 DT [24] 0.790 0.793 0.792 0.792 

2 RF [22] 0.9 0.9 0.94 0.91 

3 PROPOSED 0.99 0.99 0.99 0.99 

In table X, the proposed approach is superior to both DT and 

RF across all evaluation criteria such as accuracy, precision, 

recall and F1 score, achieves 0.99 demonstrating superior and 

stable results.   

In order to evaluate the computational performance of the Qi-

ResAFNet model adopted in the study, a number of tests are 

conducted on a Windows 10 environment with Intel64 Family 

6 Model 158 Stepping 10 processor and TensorFlow 2.19.0 

using CPU. As per testing performed, the presented model is 

able to complete the training in 7.81 seconds, producing an 

inference time of 0.3495 s and averaging an inference time of 

0.2222 ms per each sample processed. In addition, the 

developed approach has shown 60,038 parameters to be 

adjusted, with the memory required of 0.81 MB.    

V. CONCLUSION

The hybrid Qi-ResAFNet based fault diagnosis framework 

accomplished all steps of the fault diagnosis process from data 

acquisition through the final classification of faults, resulting in 

a reliable and efficient diagnostic for integrated power 

transmission networks. The pre-processing stage ensured 

dataset consistency and normalization to provide a more 

reliable basis for subsequent analysis. The EDA stage provides 
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meaningful insights into the statistical properties and 

relationships amongst the data, which helps the user build a 

better understanding of the power transmission system under 

fault and non-fault conditions. The feature engineering stage 

provides the model with strong discriminative capabilities by 

extracting important time-domain and frequency-domain 

characteristics that allow an accurate representation of the 

power transmission system dynamically. The classification 

model Qi-ResAFNet employs residual connections and 

attention-based fusion to enhance deep feature learning through 

multiple layers of feature extraction, and this results in the 

improved accuracy, stability and robustness of the classification 

results. The incorporation of the HOA provides optimal 

hyperparameter tuning, which results in faster convergence and 

improved complete performance of the classification model. 

Therefore, by combining these various stages of the proposed 

fault diagnosis framework, the proposed fault diagnosis 

framework demonstrated improved diagnostic accuracy, 

precision, recall and F1-Score of 0.99 under a variety of 

different conditions, thereby demonstrating the effectiveness of 

the proposed fault diagnosis system. While HOA is efficient in 

hyperparameter optimization and obtained superior 

classification results, this paper lacks an extensive comparison 

of HOA with other optimization methods. In the future, a 

comparative study is performed for the efficiencies of 

optimization methods in fault diagnosis applications.    

APPENDIX 

Pseudocode: Qi-ResAFNet- HOA 

Input: 

    Dataset D = {(Xi, Yi)} 

    Learning rate η 

    Max epochs E 

    Population size P (for HOA) 

    Network parameters θ 

Output: 

    Optimized network parameters θ* 

Begin 

1. Initialize Qi-ResAFNet parameters θ randomly 

2. Initialize HOA population H = {h1, h2, ..., ℎ𝑃} 

3. Evaluate initial fitness for each hi 

4. For epoch = 1 to E do 

       For each mini-batch (X, Y) in D do 

Forward Pass  

            4.1  F1 = Convolution_Block (X) 

            4.2  F2 = Residual_Block (F1) 

            4.3  F3 = Quantum_Encoding (F2) 

            4.4  F4 = Attention_Fusion (F3) 

            4.5  Ŷ  = Fully_Connected (F4) 

Loss Computation  

            4.6  L = Cross Entropy(Y, Ŷ) 

             Back propagation  

            4.7  Compute gradients ∇θ L 

            4.8  Update θ using HOA optimizer 

 End For 

       4.9  Evaluate validation accuracy 

End For 

5. Return optimized parameters θ 

End 

Function Quantum_Residual_Attention_Fusion (Input 

Feature F) 

1. Apply Quantum Phase Encoding: 

       QF = |ψ> = α|0> + β|1> transformation of F 

2. Residual Learning: 

       R = F + Conv (F) 

3. Channel Attention: 

       CA = Sigmoid(FC(GlobalAvgPool (R))) 

       R1 = R ⊗ CA 

4. Spatial Attention: 

       SA = Sigmoid (Conv(R1)) 

       R2 = R1 ⊗ SA 

5. Fusion: 

       Output = Concatenate(QF, R2) 

Return Output 

End Function 

Input: 

    Population H = {h1, h2, ..., hP} 

    Fitness function f() 

    Max iterations T 

Output: 

    Best solution h* 

Begin 

1. Initialize population randomly 

2. Evaluate fitness f(hi) 

3. For t = 1 to T do 

 3.1 Identify best heron ℎ𝑏𝑒𝑠𝑡  

       3.2 For each heron hi do 

 Exploration phase 

              ℎ𝑖_𝑛𝑒𝑤 = hi + r1*(ℎ𝑏𝑒𝑠𝑡  - |hi|) 

  Exploitation phase 

              ℎ𝑖𝑛𝑒𝑤= ℎ𝑖𝑛𝑒𝑤+ r2*(mean(H) - hi) 

              Evaluate fitness f(ℎ𝑖𝑛𝑒𝑤) 

If f(ℎ𝑖𝑛𝑒𝑤) better than f(hi) 

                     Replace ℎ𝑖 with ℎ𝑖𝑛𝑒𝑤  

 End If 

       End For 

End For 

4. Return ℎ𝑏𝑒𝑠𝑡  

END 
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