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ABSTRACT 

 

Abstract— High impedance fault (Hi-ZF) detection/classification in low voltage distribution 

networks remains a significant challenge due to the low fault current levels, which are often 

indistinguishable from normal load conditions using conventional overcurrent protection devices. 

Hi-ZF, typically caused by broken conductors contacting high-impedance surfaces such as soil or 

vegetation, pose serious public safety hazards, risk of fire ignition, equipment damage, and legal 

liability. This paper proposes a novel AI-driven detection/classification framework combining 

Sliding Discrete Fourier Transform (SDFT) and Deep Neural Networks (DNN) to accurately 

detect/classify both low impedance faults (LIFs) and Hi-ZFs using single-ended current 

measurements. The method first applies SDFT to extract frequency-domain features from local 

current signals. These features are then fed into a DNN classifier trained to distinguish between 

Hi-ZFs, LIFs, and non-fault transient events such as load/capacitor switching. The proposed 

scheme was validated using extensive simulations on the unbalanced IEEE 13-Bus distribution 

test system, employing ATP/EMTP and MATLAB/Simulink platforms. Results demonstrate that 

the scheme reliably detects Hi-ZFs and LIFs within 26.5 ms, achieving a classification accuracy 

of 99.1%, and the proposed AI-based methodology shows strong potential for enhancing 

protection and situational awareness in modern smart distribution grids. 

 

Keywords: Distribution Network, Deep Neural Networks (DNN), Fault 

Detection/Classification, High impedance fault (Hi-ZF), Sliding Discrete Fourier Transform 
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I. INTRODUCTION 
 

The growing complexity of modern power distribution networks, especially with the increasing 

integration of distributed energy resources, has significantly elevated the need for intelligent and 

reliable protection mechanisms. Among the various faults that threaten the safety and stability of 

these systems, high impedance faults (Hi-ZFs) remain particularly elusive. Such faults occur when 

conductors contact high-resistance surfaces (e.g., dry soil or vegetation) [1-2]. Due to their 

inherently low fault current magnitudes often similar to or lower than normal load currents Hi-

ZFs typically fail to trigger conventional protection devices such as fuses or overcurrent relays, 

resulting in serious safety risks including arcing ignition, prolonged energized conductors, and 

undetected fire hazards [2-3]. 

A range of traditional techniques has been proposed to tackle Hi-ZF detection. Early 

approaches largely relied on signal processing-based analyses such as harmonic detection, total 

harmonic distortion (THD), and waveform distortion metrics to capture the nonlinear 

characteristics introduced by arcing faults [4].  
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Harmonic content analysis, for instance, has shown that Hi-ZF conditions often introduce 

distinct frequency-domain signatures, notably in the third and fifth harmonics [5]. Wavelet 

transform-based methods have improved time-frequency localization, offering insights into 

transient events associated with arcing [6]. Energy-based metrics have also been introduced to 

monitor shifts in signal intensity across various frequency bands [7][8]. However, many of these 

methods suffer from key limitations, including sensitivity to system noise, poor generalization 

across operating conditions, and overreliance on fixed thresholds, which limit adaptability and 

robustness [4][5][8]. 

To overcome these challenges, machine learning (ML) and deep learning (DL) techniques have 

emerged as powerful tools capable of learning complex, nonlinear fault patterns directly from raw 

or pre-processed electrical signals. Early ML methods, such as Support Vector Machines (SVM), 

Decision Trees, and Random Forests, showed improvements in both feature selection and 

classification accuracy for Hi-ZF detection [9]. For instance, Carvalho et al. [3] applied a 

threshold-based detection algorithm combined with Random Forest classification to handle Hi-

ZF detection under varied fault scenarios. However, these techniques remained highly dependent 

on manual feature engineering and shallow model architectures, which constrained their 

scalability and flexibility. 

In contrast, deep learning approaches, particularly Deep Neural Networks (DNNs) and 

Convolutional Neural Networks (CNNs), have shown significant promise in automating feature 

extraction and improving classification performance [10][11]. Rai et al. [10] proposed a 

convolutional autoencoder architecture that successfully learned the underlying representations of 

Hi-ZF signals from waveform data, thereby enhancing detection accuracy. Abasi-Obot et al. [11] 

extended this work by implementing a fully connected convolutional architecture capable of 

detecting and localizing Hi-ZF events simultaneously. The ability of DL models to generalize 

across diverse operating conditions has made them effective in addressing Hi-ZF variability. 

Yet, the effectiveness of any AI-based classifier is critically dependent on the quality of input 

features. Time-frequency signal preprocessing remains essential to accurately represent the 

transient dynamics of fault events. Traditional Fourier methods, while useful for steady-state 

analysis, often lack temporal resolution. Although wavelet transforms provide better time-

frequency localization, their implementation complexity can limit their use in real-time protection 

applications [12]. A more suitable alternative for real-time streaming environments is the Sliding 

Discrete Fourier Transform (SDFT), which enables sample-by-sample spectral analysis with low 

computational overhead. SDFT’s continuous updating mechanism supports effective tracking of 

spectral changes, making it ideal for capturing the frequency-domain signatures of evolving fault 

conditions [12-14]. 

Abasi et al. [11] showcased the potential of SDFT for Hi-ZF detection using a discrete, non-

recursive computation model. These works affirm the feasibility of SDFT as a real-time feature 

extraction tool. Rodrigues et al. [12] further demonstrated its effectiveness in classifying power 

quality disturbances in distribution networks. However, many existing studies using SDFT do not 

fully explore its integration with advanced DL classifiers or address the dual challenge of detecting 

both Hi-ZFs and LIFs under realistic non-fault transient scenarios such as load switching, 

capacitor energization, or motor starting [4][8]. 

This paper addresses this critical research gap by proposing a hybrid detection scheme that 

strategically combines SDFT-based spectral feature extraction with a DNN classifier. The aim is 

to achieve fast, accurate, and generalizable identification of both Hi-ZFs and LIFs using single-

ended current measurements in low voltage distribution networks. The proposed approach is 

validated through extensive simulation on the unbalanced IEEE 13-Bus test system using 

ATP/EMTP and MATLAB/Simulink platforms, incorporating a wide range of fault types, 

inception angles, and system disturbances. The main contributions of this work are: 
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• Development of a real-time Hi-ZFs detection framework using SDFT-based spectral 

features and deep learning classification; 

• Demonstrates the method’s robustness and efficiency, achieving successful fault 

detection within 26.5 ms and a classification accuracy of 99.1% 

• Comprehensive evaluation under various operating conditions, including different 

fault types, fault locations, fault inception angles and normal transient switching. 

• The results confirm the effectiveness, robustness, and reliability of the proposed 

scheme in detecting Hi-ZFs and correctly distinguishing them from LIFs. 

The remainder of this paper is structured as follows: Section 2 presents the proposed 

methodology, including SDFT feature extraction and DNN architecture. Section 3 details the 

simulation setup and case studies. Section 4 discusses results and performance evaluation. Finally, 

Section 5 concludes the paper and outlines future directions. 

II. METHODOLOGY 

 

The proposed methodology combines advanced signal processing with deep learning to enable 

fast, accurate, and intelligent detection of both Hi-ZFs and LIFs in low-voltage distribution 

networks. The detection framework consists of three main components: (i) signal acquisition and 

preprocessing, (ii) SDFT-based feature extraction, and (iii) deep neural network–based fault 

detection and classification. The overall system architecture is illustrated in Figure 1. 

 

 

Figure 1.  System Architecture Block Diagram 

A. Signal Acquisition and Preprocessing 

 

Current signals are measured at a single-end location (bus or feeder) using conventional current 

transformers (CTs). The time-domain signals are sampled at a high frequency (e.g., 10 kHz) to 

ensure adequate resolution for transient detection. No additional phasor measurements or 

synchronized data are required, making the method suitable for low-cost implementation and field 

deployment. The input signals are normalized to eliminate amplitude scaling effects and filtered 

with an anti-aliasing stage to remove high-frequency noise before processing. 

 

B. SDFT for Feature Extraction 
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The Sliding Discrete Fourier Transform (SDFT) is applied to each sampled current signal to 

extract time-evolving frequency-domain features with high computational efficiency. Compared 

to the conventional DFT, SDFT facilitates real-time spectral tracking without the need to 

recompute the entire transform at each time step, thereby greatly reducing computational overhead 

[14]. For each observation window (typically one cycle in length, with sliding steps of one 

sample), the SDFT generates an amplitude spectrum from which characteristic features such as 

peak spectral energy and dominant frequency components are extracted. These features are 

particularly effective for capturing the subtle distortions introduced by Hi-ZFs and LIFs, which 

appear as localized variations in harmonic content [15]. Let us consider DFT computations in the 

time window of length M sliding along the signal  𝑋𝑛 , such that 𝑋𝑛 = 0 for 𝑛 < 0: 

 

𝑥𝑛
𝑘 = ∑ 𝑥𝑞+𝑚 𝑊𝑀

−𝑘𝑚𝑀−1
𝑚=0                                                        (1) 

 

where 𝑞 =  𝑛 − 𝑀 + 1, 0 ≤ 𝑘 ≤ 𝑀 − 1 , and the complex twiddle factor equals 𝑊𝑀 = 𝑒𝐽2𝜋/𝑀. 

In our notation the superscript 𝑘 in 𝑥𝑛
𝑘  is not a traditional exponent but instead refers to the DFT’ 

s frequency (𝑘𝑡ℎ − 𝑏𝑖𝑛) index, and the subscript 𝑛 is a time index. As such, 𝑘 is a constant and 

the 𝑛 in 𝑥𝑛
𝑘 indicates that the DFT is computed from samples 𝑥𝑛−𝑀+1 , 𝑥𝑛−𝑀+2 , … … . . , 𝑥𝑛 . In the 

case of sample-by-sample signal processing, consecutive (𝑘𝑡ℎ − 𝑏𝑖𝑛) DFT output samples  

𝑥𝑛
𝑘 , 𝑥𝑛+1

𝑘 , 𝑥𝑛+2
𝑘 … … . ., are computed from the 𝑥𝑛  time samples that differ only by the fi rst and last 

samples. A recursive formula for computing (1) may be derived as follows: 

 

𝑥𝑛
𝑘 = 𝑊𝑀

𝑘  (𝑥𝑛−1
𝑘 − 𝑥𝑛−𝑀 + 𝑋𝑛)                                            (2) 

 

The structure of difference in (2) is depicted in Figure.2. This traditional SDFT filter is only 

marginally stable because it has a z-domain pole located at  𝑍 =  𝑊𝑀
𝑘  on the unit circle. This 

formulation enables real-time updates of frequency components with minimal latency and 

memory usage. 

 

 

 

 

 

 

 

Figure 2.  Traditional SDFT structure 

C. DNN for Fault Detection/Classification 

 

DNNs are employed to model complex nonlinear systems. Their computation is efficient, 

relying primarily on basic algebraic operations, which enables prompt response to fault conditions. 

The general architecture includes (i) an input layer matching the feature vector size, (ii) two to 

three hidden layers with ReLU activation functions, (iii) dropout layers for regularization, and (iv) 

a final SoftMax layer for multi-class classification [16]. The DNN developed for fault detection 

and classification in this study consists of an input layer with four neurons representing the 

maximum absolute values of SDFT features extracted from feeder currents of each phase and the 

ground current at the relay location. The premise of the proposed scheme is that feeder current 

measurements at the relay location can quickly indicate the presence of faults in the system. 
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The measurement data are first processed using the SDFT to extract relevant signal features. 

These features are subsequently fed into a DNN to detect and classify the type of fault. In cases 

where the fault is identified as unbalanced, an additional DNN module is applied to determine the 

affected phase. The resulting diagnostic information supports intelligent decision-making for 

downstream control actions, including fault isolation and system restoration. The SDFT features 

are illustrate the maximum absolute values of current-based SDFT features for each phase: 

𝑆𝐷𝐹𝑇𝑎 , 𝑆𝐷𝐹𝑇𝑏 , 𝑆𝐷𝐹𝑇𝑐 , and 𝑆𝐷𝐹𝑇𝑔 . To confirm that all values lie within the range [0, 1], feature 

scaling can be utilized in the following form, as illustrated in (3), where (I) is the input vector: - 

𝐼′ =
𝐼 − 𝑚𝑖𝑛 (𝐼)

𝑚𝑎𝑥 (𝐼) − 𝑚𝑖𝑛  (𝐼)
 (3) 

The nonlinear transformations are used in the hidden layers to convert the input data 

information into high-dimensional features. Here, 𝑥 = (2, … , 𝑑), Ȳ is the hidden vector, ȳ is the 

bias vector, 𝑊 is the weight matrix and ƒ is the activation function applied element-wise. The 

output of the final hidden layer is transformed using (4) 

                 Ȳ1 =  ƒ (𝑊1 . 𝑃 +  ȳ )                                                    (4) 

Three fully connected hidden layers were implemented, containing 20, 10 neurons and 5 

neurons, respectively, activated using ReLU functions. The output layer includes two neurons 

corresponding to the detection/classification outputs: detection and classification, as illustrated in 

Figure 3, that present the visual representation of the suggested SDFT-DNN. This multi-layered 

structure ensures non-linear feature extraction and robust learning capabilities, distinguishing it 

from simpler machine learning models. Unlike conventional machine learning models such as 

linear regression or single-layer perceptrons, the Fault Detection/Classification based SDFT-DNN 

architecture leverages multiple hidden layers and non-linear activation functions to capture 

complex relationships between diverse input features and output detection/classification. At the 

final stage, the extracted spectral features are fed into a fully connected DNN trained to 

detect/classify events into one of three categories: Hi-ZFs, LIFs, and Non-Fault Events (e.g., load 

switching, capacitor energization). 

In this study, a total of 1200 labeled samples were generated from the simulation studies under 

different operating conditions, fault types, inception angles, and different switching events. These 

samples were divided into 70% for training (840 samples), 15% for validation (180 samples), and 

15% for testing (180 samples). To enhance robustness and prevent overfitting, several well-

established techniques were employed: (i) applying five-fold cross-validation to ensure 

generalization across datasets, (ii) using dropout layers within the DNN to prevent co-adaptation 

of neurons, (iii) normalizing all input features to the range [0,1] for stable training, and (iv) 

ensuring balanced representation of Hi-Z faults, low-impedance faults, and non-fault events. 

These steps provided a reliable basis for training, validation, and evaluation of the proposed 

model. The model is trained using supervised learning on a labeled dataset generated from 

extensive simulations. The use of deep learning in this context allows for nonlinear decision 

boundaries, making the system robust against signal noise, parameter uncertainty, and waveform 

distortions outperforming traditional rule and threshold-based methods. 

 

D. Fault Detection Flow 

 

As noted above, DNNs a class of machine learning algorithms capable of capturing complex 

patterns and data relationships can be effectively applied for fault detection and classification in 

the studied system. A typical DNN architecture consists of four primary layers: (i) an input layer, 

(ii) multiple hidden layers, (iii) a SoftMax layer for probabilistic interpretation, and (iv) an output 

layer for final decision-making. The proposed detection scheme functions as a real-time decision 
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engine, as illustrated in Figure 1. Once the current waveform is received, the system: (1) applies 

SDFT on a sliding-window basis, (2) extracts spectral features, (3) inputs them into the trained 

DNN classifier, and (4) generates the detection/classification output. 

The architecture of DNN is determined by several key design parameters, including the number 

and type of layers, the number of neurons within each layer, and the choice of activation functions. 

In this study, the DNN models for both fault detection/classification were developed using a 

dataset comprising 1200 samples obtained at the relay location. Of these, 840 samples were used 

for training, while 180 samples were allocated for testing and the remaining 180 samples for 

validation purposes. The objective of the proposed DNN is to identify both the presence and type 

of fault by analyzing features extracted through SDFT along with three-phase current 

measurements collected at the relay point. The detection/classification covers three categories: (i) 

LIFs, including single-line-to-ground (SLG), line-to-line (LL), double-line-to-ground (DLG), 

three-phase (LLL), and three-phase-to-ground (LLL-g) faults; (ii) Hi-ZFs, comprising single-

phase and two-phase scenarios; and (iii) non-fault events, such as load switching and capacitor 

energization. The output layer of the DNN consists of four binary (0–1) indicators, each 

corresponding to a fault category. With this design, the proposed DNN can also distinguish normal 

operating conditions from fault scenarios, thereby effectively separating faulted and non-faulted 

events. 

Figure 3.  Visual representation of the suggested SDFT-DNN 

III. SIMULATION SETUP AND CASE STUDIES 

 

To validate the effectiveness and reliability of the proposed SDFT-DNN-based fault 

detection/classification scheme, comprehensive simulations were conducted on a low-voltage 

distribution system using both the ATP/EMTP and MATLAB/Simulink platforms. The simulation 

environment was configured to emulate realistic operating conditions, fault scenarios, and 

transient disturbances that occur in practical utility systems. 

 

A. Test System Description 

 

The simulations were conducted on the unbalanced IEEE 13-bus distribution test system, a 
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widely used benchmark for evaluating fault detection and protection algorithms in unbalanced 

low-voltage networks [17]. The system incorporates diverse load types, line configurations, and 

distributed capacitances, providing a realistic basis for assessing the scheme under varying 

operating conditions. Three-phase current signals were recorded at a single measurement point, 

located at the sending end of the protected feeder. This single-ended measurement approach 

reflects practical deployment scenarios, where phasor measurement units (PMUs) or synchronized 

data are often unavailable. 

The performance of the proposed SDFT-DNN-based fault detection and classification scheme 

was assessed using the unbalanced IEEE 13-Bus distribution test system, which includes a variety 

of scenarios such as Hi-ZFs, LIFs fault, and non-fault events including heavy load switching and 

capacitor bank energization. The system model was developed and simulated in the ATP/EMTP 

platform, as depicted in Figure.4. 

 

Figure 4.   ATP/EMTP unbalanced IEEE 13-Bus distribution test system 

The network is connected to the grid through a 200 kVA, 4.16 kV/25 kV step-up transformer 

rated at 100 MVA and operating at 50 Hz [18]. The IEEE 13-Bus system was selected for its 

unbalanced configuration and realistic representation of distribution network challenges. 

Transmission line parameters, load models, and fault scenarios were accurately configured to 

reflect both normal and abnormal system behavior. This setup allowed a comprehensive 

evaluation of the proposed DNN classifier’s capability to accurately detect and differentiate Hi-

ZFs, LIFs, and routine operating events. Testing was performed under diverse conditions to 

validate the classifier’s robustness and generalization across electrical disturbances and operating 

states. 
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B. Hi-Z model 

 

The Hi-ZF model used in this study is based on the Emanuel model, as described by Gomes et 

al. [19], and is illustrated in Figure 5(a). The ATP/EMTP Hi-ZF model under sandy soil conditions 

is shown in Figure 5(b). To replicate the typical waveform behavior of Hi-ZF currents, an anti-

parallel diode configuration is utilized as illustrated in Figure 5(c). The voltage-current (V–I) 

characteristics of the Hi-ZF, shown in Figure 5(d), are generated by fine-tuning key model 

parameters: positive and negative arc voltages (Vp and Vn) and dynamic arc resistances (Rp and 

Rn). Notably, the modeled Hi-ZF is designed to simulate arcing behavior in sandy soil conditions, 

aligning with realistic fault scenarios reported in the literature [20-21]. The resulting current 

waveforms under Hi-ZF conditions exhibit distinct nonlinear and asymmetrical characteristics, 

often rich in SDFT features that aid in fault detection. To ensure robustness and generalization of 

the proposed detection scheme, a wide range of system conditions and fault variations were 

incorporated into the simulation framework, this comprehensive dataset forms the foundation for 

training and evaluating the proposed SDFT-DNN-based detection/classification system: 

 

▪ Fault Types: SLG: AG, BG, CG, DLG: ABG, BCG, CAG, LL: AB, BC, CA, LLL: 

ABC, and LLL-g: ABCg, in addition to Hi-ZFs involving one or two phases 

contacting high-resistance surfaces (e.g., dry soil). 

▪ Non-Fault Events: Transient conditions such as load switching, capacitor 

switching, and normal operations with variable load levels. 

▪ Fault Locations: Varied from 10% to 90% of the line length to emulate diverse fault 

distances from the relay point. 

▪ Inception Angle: The current waveform’s fault inception angle was varied from 0° 

to 330° in 30° increments, with Phase A is used as a reference. 

▪ Fault Resistance: Adjusted between 0: 50 Ω for LIFs and 100:280 Ω for Hi-ZFs to 

cover different fault conditions. 

IV. RESULTS AND DISCUSSION 

 

This section presents the results obtained from the simulation of the proposed SDFT-DNN-

based fault detection/classification system under a wide variety of operating scenarios, including 

both faulted and non-faulted events. The outcomes are analyzed in terms of classification 

accuracy, detection latency, robustness against disturbances, and comparative reliability across 

different fault types. Following the application of various fault scenarios at different feeder 

locations within the unbalanced IEEE 13-bus distribution system, simulation data were collected 

for feature analysis and classifier training. In this study, 840 samples were allocated to training, 

while 180 samples were used for validation and the remaining 180 samples for testing, enabling a 

balanced performance evaluation. Simulations were conducted using the ATP/EMTP and 

MATLAB/Simulink platforms, encompassing steady-state conditions, transient behaviors, and a 

range of LIF fault types, and Hi-ZFs. Notably, the Hi-ZF model demonstrated a nonlinear voltage-

current (V–I) relationship. This nonlinearity, as illustrated in Figure 5, played a crucial role in 

feature extraction for accurate fault detection/classification. 

 

A. Feature-Based Analysis for Distinguishing Hi-ZF and LIF 

 

Figures 6(a), 6(b), 6(c), and 6(d) illustrate the maximum absolute values of current-based 

SDFT features for each phase namely, 𝑆𝐷𝐹𝑇𝑎 , 𝑆𝐷𝐹𝑇𝑏 , 𝑆𝐷𝐹𝑇𝑐 , and 𝑆𝐷𝐹𝑇𝑔 under LIF and 

nonlinear Hi-ZF conditions. These values were analyzed at fault locations of 10 m and 50 m from 
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relay location (Line 629 of 152 m length) for different fault scenario. Notably, phase (a) exhibits 

a marked variation in the maximum SDFT magnitude when comparing Hi-ZF and LIF conditions. 

This significant divergence in SDFT response, particularly in the faulty phase, confirms the 

effectiveness of SDFT features in capturing the distinctive spectral characteristics of each fault 

type. These features, when integrated with a DNN, show strong potential for enhancing fault 

detection, classification, and ensuring reliable discrimination between Hi-ZFs and LIFs. 

 

Fa

b

c

Dn

Rn

Vn

Dp

Rp

Vp

 

 

(a) Hi-ZF model [19] 
(b) ATP/EMTP Hi-ZF model in sandy soil 

conditions 

  

(c) Current waveform of Hi-ZF (d) V-I Characteristics of Hi-ZF Model 

Figure 5.  Hi-ZF model [19], (b) ATP/EMTP Hi-ZF model in sandy soil conditions, (c) 

Current waveform of Hi-ZF, (d) V-I Characteristics of Hi-ZF Model. 

B. Feature-Based Analysis for Distinguishing normal fault and no-fault conditions 

 

Table 1 presents a comparative analysis of the maximum absolute values of current-derived 

SDFT features across all phases (a, b, c, and ground) along with the corresponding DNN 

classification outputs Line (629). Various conventional fault types including SLG, LL, DLG, LLL, 

LLL-g, and Hi-ZF, were simulated under diverse conditions such as varying inception angles, 

fault locations, and fault types. The results clearly validate the accuracy and reliability of the 

proposed scheme across all tested scenarios. 

To further assess the scheme’s robustness in detecting Hi-ZFs, additional simulations were 

conducted at the Point of Common Coupling (PCC) under a range of fault conditions throughout 

the low voltage distribution network. Table 1 highlights a representative subset of the extensive 

test results, demonstrating that the proposed method consistently identified the fault type correctly 

within 26.5 ms following fault inception. Considering that the proposed scheme achieves fault 

detection by averaging a 25 ms waiting time to avoid transients resulting from capacitor/load 

switching, or the natural imbalance present in the network under study, adding 1.5 ms for DNN 

detection/classification, resulting in a precise average detection/classification time of 26.5 ms. So, 

a decision is made within 26.5 ms, ensuring prompt response for protection relays. 
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Moreover, various switching events such as load variations and capacitor energization were 

modeled to evaluate the false positive rate. In all such cases, the classifier accurately identified 

them as non-fault events, underscoring the scheme’s immunity to typical system transients. 

Overall, the findings confirm that the proposed solution is highly robust to variations in fault type, 

location, and inception angle. 

 

  

(a) Maximum absolute values of current-based SDFT features for LIF 

(Bg) at 10 m of line 629 

(b) Maximum absolute values of current-based SDFT features for 

LIF (ABg) at 100 m of line 629 

  

(c) Maximum absolute values of current-based SDFT features for Hi-
ZF (Bg) at 10 m of line 629 

(d) Maximum absolute values of current-based SDFT features for 
Hi-ZF (ABg) at 100 m of line 629 

Figure 6.  Current-based SDFT features for LIF and Hi-ZF (at 10 m and 100 m). 

 

C. Classification Accuracy and General Performance 

 

The DNN was trained and tested using a dataset generated from extensive simulations 

conducted on the unbalanced IEEE 13-Bus distribution feeder. The dataset included a total of 

1200 samples, categorized into LIFs, Hi-ZFs, and Non-Fault Events (e.g., capacitor switching and 

load switching). The network achieved an overall classification accuracy of 99.1% on the test 

dataset. This high classification accuracy is attributed to the rich frequency-domain features 

extracted via SDFT, which capture the subtle distortions and waveform asymmetries associated 

with Hi-ZFs. These features, when coupled with the DNN’s deep architecture, enable the network 

to learn complex, nonlinear fault signatures effectively. 
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TABLE 1: SAMPLES FOR SIMULATION RESULTS OF VARIOUS LIFS, HI-ZFS TYPE AND NORMAL SWITCHING CASES FOR TESTED DISTRIBUTED IEEE 13-BUS SYSTEM 

Simulated 

case 

Line 

No. 

Location 

(%) 

Fault 

resistance 

(𝛀) 

Fault time 

occurrence, 

(sec) 

The maximum absolute values of current-

derived SDFT- features 

DNN output for current-derived SDFT- 

features Event 

classification 
|𝑆𝐷𝐹𝑇𝑎|

× 104 

|𝑆𝐷𝐹𝑇𝑏|

× 104 

|𝑆𝐷𝐹𝑇𝑐|

× 104 

|𝑆𝐷𝐹𝑇𝑔| ×

104 
|𝐷𝑁𝑁𝑎| |𝐷𝑁𝑁𝑏| |𝐷𝑁𝑁𝑐| |𝐷𝑁𝑁𝑔| 

AG 

L
in

e (6
2
9

) 

5 3 0.1 61.10 3.60 3.89 19.30 1.000 0.000 0.000 1.000 LIF-AG 

AG 95 17 0.18 29.20 4.11 3.70 8.70 1.000 0.000 0.000 1.000 LIF-AG 

BG 8 2 0.11 3.50 84.10 4.06 27.00 0.000 1.000 0.000 1.000 LIF-BG 

BG 40 5 0.12 3.96 38.20 3.72 11.70 0.000 1.000 0.000 1.000 LIF-BG 

CG 5 3 0.14 3.80 3.10 60.60 19.20 0.000 0.000 1.000 1.000 LIF-CG 

CG 50 5 0.15 4.72 3.73 38.70 11.90 0.000 0.000 1.000 1.000 LIF-CG 

AB 5 3 0.17 55.20 53.10 3.22 0.00 1.000 1.000 0.000 0.000 LIF-AB 

BC 40 5 0.18 3.60 35.00 33.20 0.00 0.000 1.000 1.000 0.000 LIF-BC 

CA 96 22 0.19 15.60 3.59 17.20 0.00 1.000 0.000 1.000 0.000 LIF-CA 

ABG 5 3 0.17 62.50 60.60 3.88 18.50 1.000 1.000 0.000 1.000 LIF-ABG 

BCG 40 5 0.18 4.07 38.70 39.10 11.50 0.000 1.000 1.000 1.000 LIF-BCG 

CAG 45 5 0.18 39.50 3.66 39.30 11.70 1.000 0.000 1.000 1.000 LIF-CAG 

ABC 50 5 0.15 39.80 39.20 39.60 0.00 1.000 1.000 1.000 0.000 LIF-ABC 

ABCg 8 2 0.17 90.40 88.40 89.70 10.50 1.000 1.000 1.000 1.000 LIF-ABCg 

Hi-ZF-(A) 5 280 0.1 11.60 4.64 3.19 6.00 1.000 0.000 0.000 1.000 Hi-ZF(A) 

Hi-ZF -(B) 50 280 0.15 3.70 10.40 3.11 5.90 0.000 1.000 0.000 1.000 Hi-ZF(B) 

Hi-ZF -(C) 95 280 0.20 5.30 5.20 12.08 5.93 0.000 0.000 1.000 1.000 Hi-ZF(C) 

Hi-ZF -(AB) 20 280 0.22 10.60 10.40 3.55 6.50 1.000 1.000 0.000 0.000 Hi-ZF(AB) 

Hi-ZF -(BC) 35 280 0.22 3.70 12.40 12.50 7.50 0.000 1.000 1.000 0.000 Hi-ZF(BC) 

Hi-ZF -(CA) 65 280 0.155 11.60 3.60 11.60 5.59 1.000 0.000 1.000 0.000 Hi-ZF(CA) 

Cap. Sw. 50 ------ 0.16 4.23 3.30 3.30 0.064 0.000 0.000 0.000 0.000 Normal Case 

Cap. Sw. 95 ------ 0.20 3.20 3.87 3.60 0.061 0.000 0.000 0.000 0.000 Normal Case 

Load Sw. 5 ------ 0.14 3.60 3.40 3.70 0.055 0.000 0.000 0.000 0.000 Normal Case 

Load Sw. 50 ------ 0.17 3.93 4.10 3.89 0.044 0.000 0.000 0.000 0.000 Normal Case 

Base Case  15 ------ 0.25 3.51 3.90 4.29 0.000 0.000 0.000 0.000 0.000 Base Case 

 

While the proposed method demonstrates high accuracy and acceptable detection time, its key 

limitations include reliance on simulated data, potential sensitivity to measurement noise, real-

time computational challenges, and the need to validate generalization across diverse network 

topologies to ensure scalability and practical applicability. 

Table 2 summarizes key performance results of the proposed SDFT-DNN scheme, 

highlighting its ability to accurately detect and classify various fault types under diverse operating 

and network conditions. The classifier consistently maintained high accuracy and did not falsely 

identify transient non-fault events as faults, demonstrating excellent noise immunity and 

generalization. For instance, load switching and capacitor energization commonly misclassified 

in rule-based systems were accurately identified as non-fault events in over 98% of cases. 

Compared to conventional overcurrent relays and threshold-based Hi-ZF detection methods, the 

proposed scheme exhibits significant advantages: 

 

• It does not rely on pre-defined thresholds, which are often system-specific and sensitive 

to noise. 

• It can operate using only single-ended measurements, making it suitable for low-cost 

deployment. 

• It successfully detects Hi-ZFs that typically evade traditional detection due to low fault 

current levels and nonlinear arc characteristics. 
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TABLE 2: SUMMARY OF KEY RESULTS 

Overall Classification Accuracy 99.1% 

Fault Detection Time 26.5 ms 

Precision (Hi-ZFs) 99.18% 

Precision (LIFs) 100% 

Accuracy under Non-Fault Events 98.0% 

Fault Location Range Tested 10%–90% 

Inception Angle Variation 0° to 330° 

Fault Resistance Range 
LIFs:3–50 Ω 

Hi-ZFs:100–280 Ω 

 

V. CONCLUSION 

 

This paper has introduced a robust and intelligent fault detection and classification framework 

for low-voltage distribution networks, leveraging a combination of Sliding Discrete Fourier 

Transform (SDFT) and Deep Neural Networks (DNN). The proposed approach successfully 

tackles the challenge of identifying both LIFs and nonlinear Hi-ZFs using only single-ended 

current measurements. By extracting frequency-domain features through SDFT and feeding them 

into a trained DNN classifier, the system achieved a high overall classification accuracy of 99.1%, 

demonstrated a fast response time within 26.5 ms for fault detection/classification process, and 

maintained excellent discrimination capability even under varying fault resistances, inception 

angles, and different switching conditions. 

Extensive simulation studies based on the unbalanced IEEE 13-Bus test feeder confirmed the 

scheme's reliability and resilience in identifying fault types and distinguishing them from non-

fault events such as load switching and capacitor energization. The integration of SDFT’s spectral 

sensitivity with the pattern recognition strength of deep learning enabled accurate classification of 

both conventional and subtle fault events, including Hi-ZFs that are traditionally difficult to detect. 

The results demonstrate that the proposed SDFT-DNN framework offers a scalable and intelligent 

solution for modern distribution protection challenges, especially in environments where Hi-ZF 

detection remains a critical gap. 

Future work will focus on three main directions: (i) carrying out real-time validation using 

actual current waveforms, (ii) integrating advanced deep learning models, such as CNN–FWT 

hybrids, to improve temporal feature extraction, and (iii) applying the framework to field data 

from smart grid pilot projects to confirm robustness, scalability, and practical applicability. These 

steps will strengthen confidence in the framework’s performance under real-world operating 

conditions. 
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