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Abstract— In this paper, a single fault-diagnosis framework of electrical systems operating under non-stationary 
conditions is proposed. The algorithm is a hybrid of spectral analysis with Short-Time Fourier Transform (STFT) 
and adaptive time-frequency analysis with Hilbert-Huang Transform (HHT) to obtain complimentary fault-
relevant features. They are combined features which are fed to a trained neural-network classifier in a 
coordinated learning protocol. In contrast to traditional methods that use discrete signal-processing or learning 
methods, the suggested framework incorporates multi-resolution time-frequency representation into a 
hierarchical diagnostic process. The method is more sensitive to non-persistent and non-stationary faults and is 
also more robust to classification. The effectiveness of the proposed unified protocol to provide accurate and 
reliable fault identification is confirmed through the validation of its effectiveness through extensive simulation. 

 
Keywords— Active distribution grid; Power distributed network; Fault location; Machine learning model; 
Renewable energy.   
     

1. INTRODUCTION  

The electric power system integrates generation, transmission, and distribution to deliver 

electricity to end users. Within this system, the distribution network forms the link between the 

supplier and the consumer. Its primary duty is to provide customers with electrical energy that 

is both high quality and highly reliable [1, 2]. However, distribution networks are prone to 

faults that disrupt operation and trigger power outages, adversely affecting customers in the 

impacted area and leading to significant economic losses. According to [3], faults in distribution 

networks account for more than 80% of power outages. The challenge is compounded by 

uncertainty in the fault’s location and type, which complicates troubleshooting and raises 

repair costs because crews must first diagnose the fault before implementing the appropriate 

fix [4, 5]. Therefore, rapid and reliable methods for fault detection, classification, and location 

are essential to streamline grid maintenance. Accurate detection allows operators to isolate the 

faulted section from the healthy network, ensuring that only the affected area experiences an 

interruption while service to unaffected customers is maintained [6]. 

Moreover, an effective classification step ensures the appropriate corrective action is 

taken. The identified fault type provides actionable insights that guide maintenance crews to 
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the right repair, enabling faster service restoration. As a result, the adverse impacts, outage 

duration, and associated revenue losses are reduced [7, 8]. Substantial R&D has targeted 

improving fault diagnosis in distribution networks. At the same time, the penetration of 

distributed generation (DG)—drawing on both renewable and conventional sources and often 

coupled with energy storage—has surged because of its techno-economic benefits, such as 

reducing transmission losses, lowering greenhouse-gas emissions, and supporting reactive 

power. Yet the presence of DG alters network behavior and renders many traditional fault-

diagnosis approaches less effective [9, 10, 11]. In addition, the variability and intermittency of 

solar and wind generation further complicate fault-diagnosis methods and erode their 

effectiveness. Consequently, conventional protection and diagnostic schemes must be 

substantially upgraded to accommodate the growing penetration of distributed generation in 

electric grids [12, 13].  

Methods for addressing failures in distribution networks are commonly grouped into 

three classes: traveling-wave, impedance-based, and knowledge-based techniques. In the 

traveling-wave approach, the transient waves that propagate between a line terminal and the 

fault point are analyzed—using their transmission and reflections—to infer fault characteristics 

and location [14]. Fault information for long distances may be correctly provided by the 

travelling wave-based approaches through the transmission lines [4]. However, the inherent 

properties of distribution feeders severely degrade the accuracy of traveling-wave schemes, 

and deploying them on distribution networks is relatively costly [15]. By contrast, impedance-

based techniques became far more popular than traveling-wave methods because they are 

simpler to implement and less costly to operate. 

Nevertheless, in DG-rich networks the accuracy of impedance-based schemes degrades 

due to parameter-estimation errors, the influence of fault resistance, and the presence of 

multiple laterals [16]. Conversely, the third class—knowledge-based methods—overcomes the 

multiple-estimation issue by leveraging machine-learning techniques to deliver insightful, cost-

effective solutions [17, 18]. Recently, signal-processing methods have been paired with 

knowledge-based approaches to detect power-quality disturbances (PQDs). Representative 

techniques include the wavelet transform [19], Hilbert–Huang transform [20], Kalman filtering 

[21], and the Stockwell transform [22]. Signal-processing tools have also been applied to power-

system fault diagnosis. For instance, [23] proposed a signal-processing–driven neural-network 

classifier whose parameters were optimized via a genetic algorithm; however, the study did 

not assess how loading uncertainty affects performance. In [24- 26], the S-transform combined 

with artificial neural networks achieved effective fault identification and classification with 

satisfactory accuracy. Additionally, [27] trained and tested a convolutional neural network on 

time–frequency energy matrices of fault signals, but did not address fault localization.  

Furthermore, most of the aforementioned methods overlook the adverse effects and 

uncertainties introduced by integrating renewable energy resources into distribution grids. 

Only a few recent studies accounts for such integration, namely impedance-based [28], heuristic 

[29], intelligent [30], and voltage-sag–based [31] schemes, but these typically omit real-time 

simulation of the distribution network, leaving their practical effectiveness uncertain. 

Consequently, many existing diagnostic approaches fail to address the key challenges of active 

distribution feeders. To bridge this gap, this paper presents a unified, fault-type–agnostic fault-

location protocol for active distribution feeders that also performs fault detection and 

classification. Although there has been a great advancement in signal-processing- and neural-
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network-based fault-diagnosis, the current methods usually utilize either fixed time-frequency 

analysis methods or independent learning models without a cohesive framework. Most 

approaches are based on one representation, which limits them to robustness to non-stationary 

operating conditions, whereas others are not systematic in integrating feature extraction and 

classification phases. Specifically, coordinated localization of spectral and adaptive 

decomposition in STFT and HHT are hardly used in a coordinated diagnostic protocol due to 

the complementary nature of their capabilities. To overcome these shortcomings the paper 

suggests the integrated fault-diagnosis system based on the combination of multi-resolution 

STFT and HHT feature-extraction and the organized neural-network-based learning scheme. 

The suggested protocol offers systematic and scalable pipeline to trustful fault detection in and 

through the fluctuating and temporary operating conditions. The principal contributions are as 

follows: 

• Modeling an active distribution feeder incorporating the intermittency of the solar PV 

generation and load demand. 

• Development of intelligent strategies by combining signal processing tools and machine 

learning models for fault diagnosis under fault information uncertainty. 

• Developing a reliable fault localization model independent of the fault type and capable 

of accurately pinpointing faults without prior classification. 

• Validation of the developed models through comparison and evaluation of performance 

metrics. 

The rest of the article is organized as follows: Section 2 presents the active distribution 

model configurations, while Section 3 demonstrates the methodology, including the unified 

fault location strategy. Section 4 presents the results and discussions, and the concluding 

remarks are presented in Section 5. 

2. ACTIVE DISTRIBUTION GRID MODEL 

Firstly, the overall workflow is outlined in Fig. 1. The test network in Fig. 2 includes a 60 

Hz feeder, two power transformers, a distribution line, a solar PV farm, and a lumped load. 

The system is modeled in MATLAB/Simulink using the Simscape Electrical Toolbox libraries 

(motors, loads, power sources, transformers, overhead lines, and underground cables). After 

assembling the components, the “discrete” option in the “PSB option menu” is selected with a 

sampling time of 0.00005 s, yielding a 20 kHz rate (≈333 samples per cycle). In this work, in 

order to represent faults at different locations, the distribution line is divided into two segments 

of lengths ‘a1’ and ‘a2’, with a1+ a2 =12 km, representing the entire distribution line. The three-

phase load active power (P) is set to 1.0, 1.2, and 1.25 MW, and the reactive power (Q) to 0.48, 

0.50, and 0.52 MW, with a 5% load variation applied. Fault resistance is randomly selected up 

to 15 Ω. A solar PV farm acts as the feeder (the renewable source in the model), with 

specifications provided in Table 1. 

3. METHODOLOGIES 

Advances in computing power over the 20th century enabled widespread use of signal-

processing methods that had been constrained in the 19th century by limited computational 

resources [32]. These techniques yield richer representations of power-system signals and a 

more complete characterization of system behavior. Examples include the Fourier transform, 



486                                                        Jordan Journal of Electrical Engineering. Volume 12 | Number 3 | September 2026 

 

Stockwell transform, wavelet transform, Hilbert–Huang transform (HHT), and short-time 

Fourier transform (STFT). In parallel, machine-learning methods have shown strong 

performance across many domains, enabling computers to perform tasks akin to human 

decision-making [33]. Combining machine learning with signal processing is therefore highly 

promising for power-system applications. In this study, STFT and HHT, with associated 

statistical indices are used for feature extraction, and the resulting features are supplied to 

feed-forward neural networks (FFNNs) trained to detect, classify, and locate faults in a 

simulated active distribution network. 

 

Fig. 1. Block diagram showing full protocol’s procedure. 

 

Fig. 2. The distribution network model. 

Table 1. Solar PV farm specifications 

Quantity Value 

Voltage 480 V 

Phase angle 0° 

Rated power 0.25 MW 

Reactive power 50 kVAR 

Actual power delivered 60% to 100% of the rated value 
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3.1. Short-time Fourier Transform (STFT) 

The Fourier transform (FT) is a fundamental tool for representing and analyzing signals 

in the frequency domain. For a continuous-time signal x(t), it is defined as: 

𝑋(𝜔) =  ∫ 𝑥(𝑡)𝑒−𝑗𝜔𝑡  𝑑𝑡
∞

−∞
           (1) 

where, 𝑋(𝜔) is the FT pair of the signal 𝑥(𝑡), represented in the frequency domain. 

A limitation of the FT is that it reveals only the overall frequency content of a signal, 

offering no insight into when specific disturbances occur, since it averages over the entire time 

record. To address this, time frequency analysis techniques such as the short-time Fourier 

transform (STFT) were introduced [34], [35]. STFT is well suited to extracting fault-related 

information in power systems. It computes a sequence of Fourier transforms on windowed 

segments of the signal (windowing in time corresponds to convolution in frequency), yielding 

frequency information that is localized in time when the signal’s spectral content varies, unlike 

the conventional FT, which provides only a time-averaged spectrum [34]. The STFT of a signal 

can be computed by the following equations [34, 36]:  

𝑆𝑇𝐹𝑇 {𝑥(𝑡)} = 𝑋(𝜏, 𝜔) =  ∫ 𝑥(𝑡)
∞

−∞
ℎ(𝑡 − 𝜏)𝑒−𝑗𝜔𝑡 𝑑𝑡            (2) 

The STFT of a signal can be obtained by modulating a signal 𝑥(𝑡) by 𝑒−𝑗𝜔𝑡, then passing 

it through a filter with the impulse response of ℎ(𝑡). In addition, it can also be considered as 

the FT of {𝑥(𝑡) ℎ(𝑡 − 𝜏)} , which is a convolution in the frequency domain. Moreover, the 

discrete version of STFT is defined as follows: 

𝑋𝑆𝑇𝐹𝑇[𝑚, 𝑛] =  ∑ 𝑥[𝑘] ℎ[𝑘 − 𝑚]𝑒−𝑗2𝜋𝑛𝑘/𝐿𝐿−1
𝑘=0             (3) 

𝑥[𝑘] =   ∑ ∑ 𝑋𝑆𝑇𝐹𝑇[𝑚, 𝑛] ℎ[𝑘 − 𝑚]𝑒𝑗2𝜋𝑛𝑘/𝐿
𝑛𝑚                                     (4) 

where, 𝑥[𝑘] is the signal of interest, while h(k − m) is an L-point windowing function. Also, 𝑚 

and 𝑛 are the discrete variables of the STFT signal in the frequency domain. 

In the STFT, there is an inherent time–frequency trade-off, a short (narrow) window 

yields fine temporal resolution but coarse spectral resolution, whereas a long (wide) window 

improves frequency resolution at the expense of timing precision. The STFT is commonly 

visualized with a spectrogram, an intensity map of the transform magnitude over time and 

frequency [34]. 

3.2. Hilbert Huang transform 

The first signal-processing method used in this study is the Hilbert–Huang transform 

(HHT), which combines empirical mode decomposition (EMD) with the Hilbert transform 

(HT). EMD decomposes the measured signal into intrinsic mode functions (IMFs). Applying 

the HT to each IMF produces the instantaneous amplitude (IA) and instantaneous frequency 

(IF) components [37, 38, 39]. The following subsections detail the steps of the HHT procedure. 

3.2.1. The Empirical Mode Decomposition 

Huang [37] initially describes empirical mode decomposition (EMD) as decomposing a 

particular signal into a limited number of IMFs. Each oscillation mode that the signal can 

experience is represented by an IMF, which meets the following conditions:  

• The numbers of zero crossings and extrema should be the same, or differ by no more 

than one. 
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• The mean of the upper (maxima) and lower (minima) envelopes is zero, i.e., their local 

average vanishes at every point. 

The stages involved in the filtering process, which is used to obtain IMFs from a signal 

𝑥(𝑡), are as follows [37]: 

• Step #1: The upper envelope is formed by connecting the signal’s local maxima with a 

cubic-spline interpolation. 

• Step #2: The lower envelope is built by similarly connecting the local minima. 

• Step #3: Calculating the mean 𝑚1 of the upper and lower envelopes. 

• Step #4: Subtracting the local mean 𝑚1, the average of the upper and lower envelopes, 

from the original signal 𝑥(𝑡) yields the first component or proto-IMF (ℎ1). 

ℎ1 = 𝑥(𝑡) − 𝑚1             (5) 

• Step #5: If ℎ1 meets specific requirements, the filtering process is completed, and ℎ1 

becomes the first IMF. If not, repeat steps 1 through 4 on ℎ1  and successive signals until 

a component ℎ1𝑘  is obtained that satisfies the requirements. 

ℎ1𝑘 = ℎ1(𝑘−1) − 𝑚1𝑘                          (6) 

It is then written as: 

𝑢1(𝑡) = ℎ1𝑘                                                                         (7) 

where 𝑢1(𝑡) represents the first IMF of 𝑥(𝑡). The first residue 𝑟1(𝑡) of 𝑥(𝑡) is determined as 

follows: 

𝑟1(𝑡) = 𝑥(𝑡) − 𝑢1(𝑡)                                                             (8) 

• Step # 6: To find the second IMF, 𝑢2(𝑡), and so on; steps 1 through 5 are executed 

again on the received signal 𝑥(𝑡). When a residue 𝑟𝑛(𝑡) falls below a threshold value or 

turns monotonic, the EMD process is terminated. The final representation of a signal 

after it has been thoroughly deconstructed is: 

∑ 𝑢𝑗 + 𝑟𝑛
𝑛
𝑗=1                                                                          (9) 

3.2.2. The HT Methodology 

The HT is a phase shifter for continuous time signal u(t). What this tool does is it shifts 

its input signal 𝑢(𝑡) using the following equation: 

𝑢̂(𝑡) =  
1

𝜋
∫

𝑢(𝛼)

(𝑡−𝛼)
𝑑𝛼

+∞

−∞
           (10) 

where, 𝑢̂(𝑡) is the Hilbert transform of signal u(t). Also, 𝑢̂(𝑡) can be expressed as: 

𝑢̂(𝑡) =  𝑢(𝑡) ∗ (
1

𝜋𝑡
)       (11) 

where, * represents the convolution operation. So, the HT of a signal u(t) is the convolution of 

the signal itself with  
1

𝜋𝑡
. The HT produces a signal 𝑦(𝑡) that has the following representation: 

𝑦(𝑡) = 𝑢(𝑡) + 𝑗 𝑢̂(𝑡) = 𝐴(𝑡)𝑒𝑗𝜃(𝑡)                                              (12) 

where, 𝐴(𝑡) and 𝜃(𝑡) are the IA and the instantaneous phase, respectively. 𝐴(𝑡) and 𝜃(𝑡) can 

be expressed as follows: 

𝐴(𝑡) = [𝑢2(𝑡) +  𝑢̂2(𝑡)]1/2                                               (13) 

𝜃(𝑡) = tan−1 (
𝑢̂(𝑡)

𝑢(𝑡)
)      (14) 

The instantaneous frequency is known to the derivative of the phase with respect to time 

as follows: 
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𝑓(𝑡) =
1

2𝜋

𝑑𝜃

𝑑𝑡
       (15) 

EMD is a data-adaptive method that decomposes a signal based on its time-domain 

characteristics, making it well suited for analyzing nonlinear and nonstationary data. Because 

the resulting IMFs are mono-component oscillatory modes, deriving instantaneous frequency 

(IF) from them yields quantities with clear physical meaning. 

3.3. Artificial Neural Networks 

Artificial intelligence (AI) describes machines’ capacity to learn and pursue predefined 

goals, emulating human cognitive problem-solving. Among AI techniques, artificial neural 

networks (ANNs) are especially prominent, inspired by biological neural circuitry. The 

simplest form is the feed-forward neural network (FFNN), trained in a supervised manner to 

learn input–output mappings for classification and regression. An FFNN comprises input, 

hidden, and output layers built from perceptrons. Nodes in successive layers are connected by 

weights; each node sums its weighted inputs with a bias and applies a nonlinear activation, 

passing the result forward layer by layer until the output is produced [38]. Training typically 

begins with randomly initialized weights; predictions are computed, errors relative to targets 

are measured, and the weights are iteratively updated until an adequate fit is reached [40-42]. 

Optimization methods (solvers) such as Adam and stochastic gradient descent are commonly 

used—with backpropagation providing gradients—to tune model parameters. Typical 

activation (squashing) functions include ReLU, logistic/sigmoid, tanh, and softmax [22]. 

3.4. Fault Diagnosis Strategy 

This section details the proposed framework shown in Fig. 3, including the simulated 

test network, the feature-extraction pipeline, and the ANN-based modules for fault detection, 

classification, and localization. 

 

Fig. 3. Unified fault diagnosis framework. 
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3.4.1. Fault Modeling 

The distribution network model was built in MATLAB/Simulink. Seven fault types from 

[4] were simulated, single-line-to-ground (AG, BG, CG), double-line-to-ground (ABG, ACG, 

BCG), and three-phase-to-ground (ABCG). Fault resistance (R_f) was randomized between 0.5 

and 15 Ω, and a ±5% load variation was applied to emulate different operating conditions. 

Along the 12 km feeder, faults were imposed every 0.25 km from 0.25 km to 11.75 km; for each 

location, 15 scenarios with varying fault and load conditions were generated, yielding 705 

cases per fault type. For each case, two cycles (one pre-fault and one post-fault) were captured 

at the sending end, and the same at the receiving end, providing two current measurements 

at two distinct locations. 

Non-faulty (NF) data generation: To make a balanced data set to detect and classify, as 

many non-faulty conditions as possible were created by simulating the identical feeder in the 

normal operation (no fault applied). In NF run, the load demand (P/Q setpoints with variation 

of +5% to -5% load demand) and the PV farm output (60% to 100% rated power) were varied 

to give the operating point that reflected realistic grid uncertainty. At the receiving end and 

sending end of each NF scenario three-phase currents were measured with the same sampling 

rate and same window length as in fault cases (two cycles).  

Labels: NF samples are labeled “Not Faulty” for the detector, and assigned to the eighth 

class (NF) for the classifier, while faulted samples are labeled by fault type (AG, BG, CG, ABG, 

ACG, BCG, ABCG). 

3.4.2. Feature Extraction 

Two signal processing techniques were implemented in this paper for feature extraction. 

Feature extraction from the STFT was carried out by computing statistical indices of the STFT 

matrices corresponding to faulted signals. Prior work [43] commonly uses features such as 

amplitude, amplitude slope, fault onset time, energy, mean, and standard deviation (SD). 

Following the practice in [44, 45], we focused on mean, SD, maximum frequency, and 

maximum magnitude. Our implementation for STFT and HHT follows the same signal-

processing strategy and parameterization as in our previously published studies [24, 46]. 

Specifically, the extracted features are: 

1) Mean of the column-wise maxima of the STFT matrix. 

2) The frequency value associated with the global maximum amplitude in the matrix. 

3) SD of the phase values at the column-wise peak-magnitude values. 

4) SD of the entries at the row-wise peak-magnitude values. 

5) SD of the entries at the column-wise peak-magnitude values. 

6) Energy of the entries corresponding to each column’s peak-magnitude value. 

Energy has been calculated using the equation: 

𝐸𝑛 = ∑ |𝑆(𝑛, 𝑘)|2𝑀2
𝑘= 𝑀1

          (16) 

where 𝑆(𝑛, 𝑘) is the sampling point in the S matrix at the 𝑛𝑡ℎ row and 𝑘𝑡ℎ column.  Moreover, 

𝑀1and 𝑀2 represent the starting and ending columns, respectively, for the desired sub-matrix 

(8193 × 2292 matrix) to compute the critical energy features accordingly.  

Each STFT yields 17 entries. The first two feature groups (mean and peak-frequency) 

contribute 2×17 = 34 values per phase, or 34×3 = 102 across the three phases. The remaining 

four features add 4 values per phase, giving 4×3 = 12 more. Thus, each measurement location 
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provides 102 + 12 = 114 features; with currents recorded at two nodes, this becomes 114×2 = 

228.  

Furthermore, HHT extracted many IMFs from the recorded three-phase currents. Due 

to the variability of the number of IMFs generated, the last 3 IMFs were passed to the HT. 

Thus, 3 IAs and 3 IFs were generated by the HT for each phase. Afterward, six statistical 

indices (mean, standard deviation, maximum value, variance, energy, and kurtosis) of the IAs 

were computed after they had been generated. Similarly, the IFs' variance and average were 

computed. The indicated indices were based on the works of [47], [48], [49] in which 

an investigation of power quality disturbance situations was conducted. Moreover, the total 

number of IMFs generated was added to the above features. Therefore, 25 features in total are 

extracted per phase, meaning that 75 features are generated for the three phases. Since the 

three-phase currents are measured at two nodes, then two measurements are obtained, and 

hence, a total of 150 features is generated.  

3.4.3. Fault Diagnosis Model 

All extracted features form the dataset used to train and evaluate FFNN models for fault 

detection, classification, and localization. To assess robustness to training-set size, several 

train/test splits were tried initially, then the split was fixed at 70% for training and 30% for 

testing to compare performance metrics. The detection model shown in Fig. 4 is a binary 

classifier that labels signals as faulty or non-faulty. The classification model shown in Fig. 5 

assigns faults to one of seven types, with an eighth output indicating no fault. Furthermore, 

the localization model shown in Fig. 6 is a regression network with a single output neuron that 

predicts the fault location. 

 

Fig. 4. Neural network used for fault detection (binary classification), the input dimensionality is p=228 with 
STFT features and p=150 with HHT features.  

 

Fig. 5. Neural network utilized for fault type classification, the input dimensionality is p=228 with STFT features 

and p=150 with HHT features.   
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Fig. 6. Neural network utilized for fault localization, the input dimensionality is p=228 with STFT features and 

p=150 with HHT features. 

4. RESULTS AND DISCUSSIONS 

This section presents results obtained by pairing both signal-processing techniques with 

feed-forward neural networks to diagnose faults in the active distribution feeder. Although 

the STFT-based feature set is high dimensional, it is during offline training that the 

computational load is mainly encountered. Besides that, the learning algorithm implicitly 

deals with feature redundancy and there was no degradation in classification performance. 

For detection and classification, the dataset comprises 4,935 faulty cases (705 samples for each 

of the seven fault types) and 4,935 non-faulty cases. Three-phase currents were measured at 

two nodes, and features were extracted, 150 using HHT and 228 using STFT. The data were 

then cleaned, analyzed, and split into training and testing sets to build the fault-detection, 

fault-classification, and fault-localization models. It is worth noting that the features of HHT 

and STFT have been separated so that models trained with HHT features can be compared in 

performance with those based on STFT features. In addition, FFNN models with various 

optimizers and activation functions were fine-tuned and determined, as shown in Table 2, to 

achieve reasonable data generalization and best performance. 

In order to have a fair comparison, HHT and STFT features were treated as distinct 

inputs, i.e. models trained with HHT were trained and tested with HHT features only, and 

same case with STFT. Table 2 comprises the full FFNN architectures and training 

environments of each model. To prevent train test leakage, the dataset split was done at 

preprocessing and feature normalization (z-score scaling) was calculated using only the 

training set and then applied to the test set without any modifications to either guarantee that 

the test set was not in any way used during preprocessing or training. 

In the first experiment, the detection and classification accuracy were measured for STFT 

and HHT models. To study sensitivity to training-set size, we varied the test fraction ftest 

(percentage of the total dataset reserved for testing) from 5% to 95%. For each ftest, the 

remaining 1− ftest portion was used for training. Unless otherwise stated, the final comparison 

tables use ftest =30% (70/30 split). To perform detection and classification, we applied a random 

train/test split, due to the balanced nature of the dataset (equal faulty and non-faulty samples 

and uniform sampling of fault types), the splits have similar class distributions. To ensure 

localization, we also employed random split, and we ensured that the sample of fault-location 

(created at 0.25 km each along the feeder) appears in both training and testing sets. As shown 
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in Fig. 7, HHT outperformed STFT with an accuracy of almost 100% for most of the various 

training data availabilities. However, it can be concluded from Fig. 8 that STFT outperformed 

HHT for fault classification with very high accuracy (more than 98%) even when minimum 

training data (5%) was provided. In contrast, the HHT-based model’s accuracy was drastically 

reduced to 89% when training data was reduced. This demonstrates the robustness of the 

STFT-based model for fault classification in the presence of less training data available. 

To provide class-wise insight beyond overall accuracy, we additionally report confusion 

matrices and per-class precision, recall, and F1-score for both the detector and the 8-class 

classifier. Tables 3-4 present the confusion matrices of the STFT and HHT based fault detectors 

on the test set, showing correct detections. Tables 5-6 report the corresponding per-class 

precision, recall, and F1-score, providing class-wise insight and highlighting any bias toward 

faulty or non-faulty classes. 
Table 2. Hyper-parameters of the utilized neural networks. 

Model 
Featu
re set 

Hidden 
layers 

(neurons) 

Hidd
en 

activ
ation 

Output 
layer 

Loss 
function 

Opti . 
Learning 

rate 
Batch 
size 

Max 
iter. 

(epochs) 

Weight 
init. 

Regulariz
ation 

Random 
seeds 

Normalization 
& leakage 
prevention 

Detector 
(binary: 

Faulty vs 
NF) 

STFT; 
HHT 

1 (100) 
ReL
U 

1 unit 
(binary); 
internal 
sigmoid 
mapping 
(sklearn) 

Log-loss 
(binary 
cross-

entropy) 

Ada
m 

constant; 
learning_
rate_init 
= 0.001 

auto 
(sklear

n) 

200 (set 
explicitl

y) 

Glorot/X
avier 

uniform 
(sklearn 
default) 

L2 (weight 
decay); 
alpha = 

0.0001; no 
dropout 

Split: 
random_st

ate=4; 
MLP: 

random_st
ate=1 

StandardScaler 
(z-score) fit on 
TRAIN only; 

applied to 
TEST. Split 
performed 

before scaling. 

Classifie
r (8-

class: NF 
+ 7 

faults) 

STFT; 
HHT 

1 (100) 
ReL
U 

8 units 
(multiclas

s); 
internal 
softmax 
mapping 
(sklearn) 

Log-loss 
(categori
cal cross-
entropy) 

Ada
m 

constant; 
learning_
rate_init 
= 0.001 

auto 
(sklear

n) 

5000 (to 
ensure 

converg
ence) 

Glorot/X
avier 

uniform 
(sklearn 
default) 

L2 (weight 
decay); 
alpha = 

0.0001; no 
dropout 

Split: 
random_st

ate=4; 
MLP: 

random_st
ate=1 

StandardScaler 
(z-score) fit on 
TRAIN only; 

applied to 
TEST. Split 
performed 

before scaling. 

Localizer 
(regressi
on: fault 
location) 

STFT 
(tune

d); 
HHT 
(optio

nal 
tuned

) 

STFT: 3 
(500, 500, 

200); 
HHT: 4 

(500, 500, 
500, 500) 

ReL
U 

1 unit, 
linear 
output 

(sklearn 
regressor) 

Squared 
error 

(MSE) 

Ada
m 

constant; 
learning_
rate_init 
= 0.001 

auto 
(sklear

n) 

STFT: 
10000; 
HHT: 
10000 

Glorot/X
avier 

uniform 
(sklearn 
default) 

L2 (weight 
decay); 
alpha = 

0.0001; no 
dropout 

Split: 
random_st

ate=4; 
MLP: 

random_st
ate=3 

MinMaxScaler 
fit on TRAIN 
only; applied 

to VAL/TEST. 
(Optional) y 

scaling to [0,1] 
if used. Split 
performed 

before scaling. 

 

  
(a) (b) 

Fig. 7. Comparing the accuracies of HHT and STFT models for fault detection in various training size scenarios. 

Tables 7–8 present the confusion matrices of the STFT and HHT based 8-class fault 

classifiers (AG, BG, CG, ABG, ACG, BCG, ABCG, and NF), which reveal the specific fault 

categories that are occasionally confused. Tables 9–10 report the corresponding per-class 
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precision, recall, and F1-scores, providing a detailed class-wise assessment. Notably, the NF 

class is perfectly identified in both methods, while the few misclassifications for HHT occur 

only among fault classes with similar signatures. 

 

Fig. 8. Comparing the accuracies of HHT and STFT models for fault classification in various training size 

scenarios. 

Table 3. Detector (STFT) confusion matrix (accuracy = 0.9997). 

True \ Pred NonFaulty Faulty 

NonFaulty 1498 0 

Faulty 1 1462 

Table 4. Detector (HHT) confusion matrix (accuracy = 1.0000). 

True \ Pred NonFaulty Faulty 

NonFaulty 1484 0 

Faulty 0 1477 

Table 5. Detector (STFT) Per-class precision/recall/F1. 

Class Precision Recall F1 Support 

NonFaulty 0.99933 1.00000 0.99967 1498 

Faulty 1.00000 0.99932 0.99966 1463 

Table 6. Detector (HHT) Per-class precision/recall/F1. 

Class Precision Recall F1 Support 

NonFaulty 1.00000 1.00000 1.00000 1484 

Faulty 1.00000 1.00000 1.00000 1477 

Table 7. Classifier (STFT) confusion matrix (accuracy = 0.9997). 

True \ 

Pred 
AG BG CG ABG ACG BCG ABCG NF 

AG 199 0 0 0 0 0 0 0 

BG 0 206 0 0 0 0 0 0 

CG 0 0 209 0 0 0 0 0 

ABG 0 0 0 215 0 0 0 0 

ACG 0 1 0 0 222 0 0 0 

BCG 0 0 0 0 0 207 0 0 

ABCG 0 0 0 0 0 0 204 0 

NF 0 0 0 0 0 0 0 1498 
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Table 8. Classifier (HHT) confusion matrix (accuracy = 0.9963). 

True \ 

Pred 
AG BG CG ABG ACG BCG ABCG NF 

AG 221 1 0 0 0 0 0 0 

BG 0 188 0 2 0 1 0 0 

CG 0 0 228 0 0 0 0 0 

ABG 0 0 0 206 0 0 1 0 

ACG 0 0 0 0 205 2 1 0 

BCG 0 0 0 1 0 216 0 0 

ABCG 0 0 0 1 0 1 202 0 

NF 0 0 0 0 0 0 0 1484 

Table 9. Classifier (STFT) Per-class precision/recall/F1. 

Class Precision Recall F1 Support 

AG 1.00000 1.00000 1.00000 199 

BG 0.99517 1.00000 0.99758 206 

CG 1.00000 1.00000 1.00000 209 

ABG 1.00000 1.00000 1.00000 215 

ACG 1.00000 0.99552 0.99775 223 

BCG 1.00000 1.00000 1.00000 207 

ABCG 1.00000 1.00000 1.00000 204 

NF 1.00000 1.00000 1.00000 1498 

Table 10. Classifier (HHT) per-class precision/recall/F1. 

Class Precision Recall F1 Support 

AG 1.00000 0.99550 0.99774 222 

BG 0.99471 0.98429 0.98947 191 

CG 1.00000 1.00000 1.00000 228 

ABG 0.98095 0.99517 0.98801 207 

ACG 1.00000 0.98558 0.99274 208 

BCG 0.98182 0.99539 0.98856 217 

ABCG 0.99020 0.99020 0.99020 204 

NF 1.00000 1.00000 1.00000 1484 

In addition to average localization metrics, we report the distribution of localization 

errors over the test set. Figure 9 shows the empirical CDF and boxplot of the absolute error, 

for the STFT- and HHT-based localizers, while Table 11 summarizes MAE, RMSE, median ∣e∣, 

and the 90th-percentile. Since fault location is physically bounded by the feeder length, 

predicted locations were constrained to the feasible range [0.25,11.75] km before computing 

localization errors. 
Table 11. Localization error summary statistics on the test set (70/30 split; clipped predictions) 

Method 
MAE  

[km] 

RMSE  

[km] 
Median |e| [km] 

90th percentile 

|e| [km] 

STFT 1.0599 1.4750 0.8222 2.2045 

HHT 1.8664 2.7164 1.2451 4.3735 

To evaluate robustness under uncertainty in fault parameters and operating conditions, 

localization error versus fault resistance and PV operating level are analyzed. Test samples 

were grouped into bins, and the absolute localization error was summarized per bin using 

MAE and the 90th-percentile error. Tables 12 and 13 report the resulting sensitivity trends in 

terms of MAE and 90th-percentile error. 
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(a) 

 

(b) 

Fig. 9 a) CDF and; b) boxplot of absolute localization error (clipped predictions) – STFT vs HHT. 

Table 12. Sensitivity of localization error (test set) to fault resistance. 

Fault resistance 

bin Rf [Ω] 
N 

MAE  

[km] 

90th percentile |e| 

[km] 

0.5–2 170 0.98755 1.9587 

2–8 581 1.0186 2.1493 

8–15 712 1.0453 2.2566 

 

Table 12 shows that localization accuracy degrades only slightly as Rf increases, 

indicating that the proposed localizer remains robust even for higher-resistance faults. 
Table 13. Sensitivity of localization error (test set) to PV operating level (normalized). 

PV level bin  

[% rated] 
N 

MAE  
[km] 

90th percentile 

|e| [km] 

60–75% 160 0.92080 1.9162 

75–90% 182 0.92571 2.4699 

90–100% 153 1.11000 2.3751 

Table 13 summarizes localization performance under varying PV operating levels 

(normalized operating index), showing comparable MAE/P90 across bins and therefore 

limited sensitivity to operating-point variation. 

To provide a contextual benchmark beyond the internal comparison of STFT and HHT, 

Table 14 summarizes representative published approaches and their reported performance. 

As these studies employ different feeders, measurement setups, and evaluation protocols, the 
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comparison is intended as a performance benchmark rather than a strict head-to-head 

comparison. 
Table 14. Comparison with representative published baselines. 

Work 
Method / 

Features 
Task(s) #Classes 

Reported 

metric(s) 

Key reported 

performance 

[50] 

Raw 

currents + 

CNN 

hierarchy 

Fault type + 

section ID + 

exact location 

8 / 8 

/ reg. 

Accuracy; 

location error 

Fault 

classification Acc = 

99.46%; section ID 

Acc ≈ 99.38%; 

location error ≈ 

0.9% 

[24] 

S-

Transform 

features + 

FFNN 

Detection + 

Classification 
2 / 7 Accuracy 

Overall 

classification Acc = 

99.93%; detection 

reported as 100% 

[45] 

HHT/DW

T-based 

FFNN 

(reported) 

Detection/Cl

assification/Loc

alization 

(reported) 

— 
Accuracy 

(noise-free) 

Reported 

classification 

accuracy > 99.00% 

(noise-free) 

[51] 

WT 

features → 

RGB + 

GoogLeNet; 

CNN for 

location 

Identification 

+ Classification 

+ Location 

10 

(fault 

states) 

Accuracy; 

average 

location error 

Validation 

accuracy reported 

up to 100% 

(example); average 

location error ≈ 

0.215 km 

[52] 

DWT (db5, 

level-1) + 

PCA + feed-

forward DNN 

Fault location 

(transmission 

line) 

reg. MAE; MSE 

Reported MAE ≈ 

0.0180–0.0254 and 

MSE ≈ 5.0089e−04–

0.0011 (by fault 

type) 

This 

work 

(STFT+F

FNN) 

STFT 

features + 

FFNN 

Detection + 

Classification + 

Localization 

2 / 8 

/ reg. 

Acc; per-

class P/R/F1; 

MAE/P90 

Detector Acc = 

99.97%; 8-class Acc 

= 99.97% 

This 

work 

(HHT+F

FNN) 

HHT 

features + 

FFNN 

Detection + 

Classification + 

Localization 

2 / 8 

/ reg. 

Acc; per-

class P/R/F1; 

MAE/P90 

Detector Acc = 

100.00%; 8-class Acc 

= 99.63% 

The FFNN was configured as a regression model to estimate fault location. Robustness 

was evaluated using the coefficient of determination (𝑅2), mean absolute error (MAE), and 

root mean squared error (RMSE).  

Smaller MAE and RMSE indicate better predictive accuracy, while 𝑅2𝜖 [0,1] measures 

goodness of fit, with 𝑅2 = 1  denoting a perfect prediction and 𝑅2 = 0  indicating that the 

model fails to identify relationships among the dependent and independent variables, thus 

generating inaccurate results. To assess sensitivity and performance, we varied the amount of 

training data for both STFT- and HHT-based feature sets, using RMSE as the primary metric 

for comparison. As can be seen in Table 15 and Table 16, the STFT-based localization model 
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outperformed the HHT-based model by achieving higher 𝑅2  values in all fault types, 

demonstrating the robustness of the STFT model in localizing faults in the network. 
Table 15. Performance metrics for STFT fault localization model using 70% training and 30% testing data. 

Fault type 𝑅2 RMSE [km] MAE [km] 

ABCG 0.986 0.381 0.193 

ABG 0.994 0.243 0.172 

ACG 0.993 0.262 0.153 

BCG 0.997 0.177 0.128 

AG 0.994 0.245 0.161 

BG 0.996 0.197 0.143 

CG 0.995 0.241 0.171 

Table 16. Performance metrics for the HHT fault localization model using 70% training and 30% testing data. 

Fault type 𝑅2 RMSE [km] MAE [km] 

ABCG 0.974 0.531 0.335 

ABG 0.981 0.453 0.324 

ACG 0.976 0.514 0.365 

BCG 0.973 0.537 0.365 

AG 0.977 0.503 0.349 

BG 0.967 0.600 0.380 

CG 0.985 0.398 0.300 

Moreover, another experiment was conducted by combining all the fault types into one 

dataset and feeding it to the STFT and HHT-based fault localization models. This means 

models independent of fault type (i.e., without prior fault classification) will be evaluated. As 

can be seen in Fig. 10, when the percentage of testing data of the total data varied between 5% 

to 95%, both models’ performance degraded when more data was set for testing since fewer 

training examples were provided. However, it can be noticed that the STFT-based model again 

outperformed the HHT-based model since its RMSE values were less than their corresponding 

values for the HHT model for almost all scenarios. Moreover, Fig. 11 compares the 𝑅2 values 

between the two models with the same conditions to investigate their performance further. It 

can be seen that 𝑅2 for the STFT model remained higher than its corresponding value in the 

HHT model for most of the cases, except for the extreme scenarios where more than 75% of 

the data was set as testing data, therefore showing that a reliable fault localization with very 

high certainty can be obtained by the STFT-based model given a reasonable amount of data. 

This, combined with results from Fig. 10, shows the effectiveness of STFT-based models in 

localizing faults with various scenarios of training data availability. 

Furthermore,  another experiment compared the HHT and STFT-based models. In this 

experiment, the training data was fixed to 70% of the total data, while the remaining was set 
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for testing the models. The results in Table 17 demonstrate that when enough training data is 

fed to the models, the STFT outperformed HHT for all three-performance metrics. This, 

combined with the previous experiment results, demonstrates the robustness of the STFT-

based model over the HHT-based model in fault localization, even in the absence of providing 

fault type as a feature, thus eliminating the need for prior fault classification. 

To thoroughly test the proposed models in actual scenarios and inspect the results, 15 

random faults have been selected and fed to the pre-trained detection, classification, and 

localization models shown earlier. Table 18 shows the actual locations of the samples 

compared to the predicted location by the developed model. The small error in the predictions 

shows the generalizability of the localization models and their adequate performance when 

used to predict future faults. Further, Table 19 shows 10 faults with their correct fault type 

compared to the predictions of the developed classification models proposed earlier. As can 

be seen, most of these test cases have been identified correctly by the classifiers, with the STFT-

based classifier performing better in this scenario. Additionally, Table 20 shows another 10 

faults when the binary is classified as faulty or non-faulty. The detection models trained earlier 

have been again tested on this sample to show the performance, which proved the validity of 

the detection models.   

 

Fig. 10. A comparison of RMSE between STFT and HHT models for fault localization with no prior fault 
classification. 

 

Fig. 11. Comparing 𝑅2 values between STFT and HHT models for fault localization without prior fault 
classification. 
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Table 17. Comparing STFT and HHT fault localization models for the dataset of combined fault types and 70% 
training data. 

Technique Short-time Fourier transform Hilbert Huang transform 

𝑅2 0.988 0.948 

RMSE [km] 0.365 0.769 

MAE [km] 0.226 0.535 

Table 18. Comparing STFT and HHT fault localization models performance in randomly selected samples. 

Sample Number 

HHT-based Localizer STFT-based Localizer 

Actual Location Predicted Location Actual Location 
Predicted 
Location 

1 4.00 4.5 11.00 11.25 

2 4.25 4.8 2.00 1.55 

3 8.00 8.26 10.75 10.83 

4 9.00 9.16 8.25 8.17 

5 9.00 8.09 9.00 9.47 

6 2.50 3.44 4.00 3.47 

7 7.50 7.59 8.25 8.68 

8 11.25 11.40 2.50 2.63 

9 2.25 3.15 7.75 7.86 

10 4.25 5.12 0.75 0.56 

11 7.25 7.20 6.00 5.95 

12 0.75 0.56 0.25 1.28 

13 3.25 4.49 4.50 4.09 

14 2.00 2.50 11.25 11.02 

15 10.75 10.76 6.25 5.94 
Table 19. Comparing STFT and HHT fault classification models performance in randomly selected samples. 

 

Table 20. Comparing STFT and HHT fault detection models performance in randomly selected samples. 

 
 
 

Sample Number True Fault Type 
HHT-based 

Classifier 
STFT-based 

Classifier 

1 AG AG AG 

2 ABG ABG ABG 

3 CG CG CG 

4 BG CG BG 

5 NF NF NF 

6 ABCG ABCG ABCG 

7 NF NF NF 

8 ABCG ABCG ABCG 

9 CG CG CG 

10 NF NF NF 

Sample Number Truth 
HHT-based 

Detector 
STFT-based 

Detector 

1 Faulty Faulty Faulty 

2 Faulty Faulty Faulty 

3 Faulty Faulty Faulty 

4 Faulty Faulty Faulty 

5 Not Faulty Not Faulty Not Faulty 

6 Faulty Faulty Faulty 

7 Faulty Faulty Faulty 

8 Not Faulty Not Faulty Not Faulty 

9 Not Faulty Not Faulty Not Faulty 

10 Faulty Faulty Faulty 
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5. CONCLUSIONS AND FUTURE WORK 

This study introduced a unified protocol for diagnosing and locating faults in active 

distribution feeders to improve supply reliability and effectiveness. The approach fuses HHT- 

and STFT-derived features with FFNNs, which successfully detected, classified, and localized 

faults in a simulated network. In the HHT pipeline, measured currents were decomposed into 

IMFs via EMD, the last three IMFs were then processed with the Hilbert transform to obtain 

instantaneous amplitude and frequency. Statistical metrics of these IA/IF signals were 

computed and used as features. Moreover, the STFT was employed for fault diagnosis using 

statistical indices calculated from its resulting spectra as extracted features. The features 

mentioned above were then utilized as inputs to train the FFNN, enabling the development of 

robust fault diagnostic algorithms. The results confirmed the reliability and effectiveness of 

the proposed models. The STFT-based model outperformed in fault classification and 

localization, while the HHT-based model excelled in fault detection. Notably, the fault 

localization model demonstrated outstanding accuracy without dependence on prior fault 

classification, enabling a fast and precise fault localization process. Moreover, the developed 

models showcased their ability to handle various load conditions, uncertainty in renewable 

energy generation, and ambiguity in fault information. The proposed methodology holds 

great promise and should be further validated through experimental applications in real-

world active distribution networks. Such validaftion would provide empirical evidence of the 

efficacy of the proposed approach, leading to significant benefits for the power systems 

industry. The presented framework is validated using simulated data on a modeled feeder; 

therefore, conclusions are limited to the tested scenario and operating envelope. Future work 

will include additional feeder configurations and topology variations, feature selection,  

realistic measurement noise, and experimental/field validation, along with real-time 

hardware implementation. 
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