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Abstract: This paper presents an enhanced and practically validated islanding detection 

framework for grid-connected solar PV systems, integrating Complete Ensemble Empirical 

Mode Decomposition with Adaptive Noise (CEEMDAN) and a Pattern Recognition Neural 

Network (PANN). The method processes negative sequence voltage signals at the Point of 

Common Coupling (PCC) to extract intrinsic mode functions (IMFs), mitigating mode mixing 

and improving signal fidelity. Significant IMFs are selected based on their power percentile, 

and three statistical features—maximum value, standard deviation, and entropy—are 

extracted and normalized before classification by the PANN. Unlike prior studies, this work 

extends evaluation to zero-power mismatch scenarios, noisy environments, and load-

switching conditions, providing practical validation of real-time detection performance. 

Simulation results demonstrate a classification accuracy of 98.6% with a detection time of 

0.1806 seconds, complying with IEEE 1547 standards. The proposed approach exhibits 

robust and reliable islanding detection across diverse operating conditions, significantly 

reducing the non-detection zone (NDZ) and enhancing the safety and reliability of modern 

distribution systems. 

 

 

 

1. INTRODUCTION 

 

The increasing penetration of solar photovoltaic (PV) systems into modern distribution 

networks has introduced significant operational and protection challenges. Among these, 

islanding detection remains one of the most critical issues. Islanding occurs when a portion of 
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the power system continues to be energized by distributed generators (DGs) after being 

disconnected from the main utility grid[1],[2]. Failure to detect islanding conditions promptly 

may compromise personnel safety, damage equipment, and degrade power quality. Therefore, 

fast and reliable islanding detection mechanisms are essential to ensure compliance with IEEE 

1547 standards and maintain grid stability. 

Conventional islanding detection methods (IDMs) are generally classified as passive, 

active, or hybrid approaches. Passive methods monitor electrical parameters such as voltage 

magnitude, frequency deviation, and harmonic distortion. Although relatively simple and cost-

effective, these methods often suffer from large non-detection zones (NDZs), particularly under 

small power mismatch conditions[3,4]. Active methods introduce controlled perturbations into 

the system to provoke detectable changes during islanding events. While this approach reduces 

the NDZ, it may adversely affect power quality and increase implementation complexity[4],[5]. 

Hybrid methods attempt to combine the advantages of passive and active techniques; however, 

they still face challenges related to reliability, coordination, and practical deployment[6]. 

Recent advancements in signal processing and artificial intelligence (AI) have enabled 

more effective islanding detection. Techniques such as Fourier Transform, Wavelet Transform, 

Hilbert–Huang Transform (HHT), and Empirical Mode Decomposition (EMD) have improved 

feature extraction from voltage signals [7],[8],[9]. Similarly, machine learning approaches, 

including artificial neural networks (ANN), support vector machines (SVM), and pattern 

recognition neural networks (PANN), have demonstrated high accuracy in classifying islanding 

events[10], [11], [19], [20],[14]  

Among advanced decomposition techniques, Complete Ensemble Empirical Mode 

Decomposition with Adaptive Noise (CEEMDAN) has emerged as an effective solution to the 

mode-mixing limitations of classical EMD. By adaptively adding noise and ensuring complete 

signal reconstruction, CEEMDAN provides more reliable intrinsic mode functions (IMFs) for 

feature extraction. When combined with intelligent classifiers, CEEMDAN-based frameworks 

offer strong potential for robust islanding detection. 

In our previous study[15], a CEEMDAN–PANN-based islanding detection framework 

was developed using negative sequence voltage measured at the Point of Common Coupling 

(PCC). Three statistical features derived from selected IMFs—maximum value, standard 

deviation, and entropy—were used to train the classifier. That study demonstrated high 

detection accuracy under standard operating conditions and moderate power mismatch 

scenarios. 

However, several practical aspects were not comprehensively investigated in the earlier 

work, including: 

➢ Zero-power mismatch conditions, where islanding discrimination becomes particularly 

challenging; 

➢ Extensive fault resistance variations at different grid locations; 

➢ Large-scale load switching disturbances; 
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➢ Detailed cross-validation-based robustness assessment; 

➢ Explicit evaluation of real-time detection performance under noisy measurement 

conditions. 

To address these limitations, the present study extends and strengthens the previously 

proposed CEEMDAN–PANN framework through expanded simulation scenarios and 

enhanced validation procedures. Specifically, this paper: 

1. Evaluates detection performance under zero-power mismatch, representing the most critical 

NDZ condition. 

2. Incorporates noisy signal environments to assess robustness against measurement 

disturbances. 

3. Analyzes fault cases with resistance values ranging from 1 Ω to 70 Ω at varying distances 

from the PCC. 

4. Examines load switching magnitudes up to 20 MW to ensure reliable discrimination from 

islanding events. 

5. Assesses detection time performance to confirm compliance with IEEE 1547 requirements. 

By broadening the validation domain and strengthening performance evaluation, this 

study enhances the practical applicability and robustness of the CEEMDAN–PANN 

methodology for real-world PV-based distributed generation systems. 

 The remainder of this paper presents the system modeling, extended simulation 

scenarios, signal decomposition and feature extraction methodology, classifier training and 

validation results, and a comparative performance analysis with existing islanding detection 

approaches. 

 

2. METHODOLOGY 

 

2.1. CEEMDAN-Based Signal Decomposition 

 

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise 

(CEEMDAN) is used to decompose the negative sequence voltage signal into Intrinsic Mode 

Functions (IMFs). CEEMDAN improves upon classical EMD and EEMD by adaptively adding 

Gaussian noise at each decomposition step, ensuring accurate extraction of IMFs and 

eliminating mode mixing. 

 The CEEMDAN decomposition process is as follows[16]: 

1. Add white Gaussian noise to the original signal: 

 

 𝑥𝑖(𝑡) = 𝑥(𝑡) + 𝜀0𝑛𝑖(𝑡) (1) 

 

where, 𝜀0=0.6 is the noise standard deviation amplitude of the added white noise, 𝑥(𝑡) : Original 

signal, 𝑛𝑖(𝑡) is the i-th noisy realization. 
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2. Extract the first IMF from the noisy signal using EMD and average over 100 realizations: 

 

 𝐼𝑀𝐹1(𝑡) =
1

𝑁
∑ 𝐼𝑀𝐹1,𝑖

𝑁
𝑖=1 (𝑡) (2) 

 

3. Residual Calculation: 

 

 𝑟1(𝑡) = 𝑥(𝑡) − 𝐼𝑀𝐹1(𝑡)  (3) 

 

4. Repeat adaptive noise addition and IMF extraction iteratively until the residual becomes 

monotonic or the maximum number of IMFs is reached: 

 

 𝑥(𝑡) = ∑ 𝐼𝑀𝐹𝑗(𝑡)𝑀
𝑗=1 + 𝑟(𝑡)  (4) 

 

5. Significant IMFs selection: The power of each IMF is computed as: 

 

 𝑃𝑖 = ∑ [𝐶𝑖(𝑡)]2𝑁
𝑡=1  (5) 

 

IMFs with power above the 90th percentile are selected for feature extraction. 

 

2.2. Feature Extraction and Selection 

 

From each significant IMF, three statistical features are extracted: 

1. Maximum value: 

 

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 = 𝑚𝑎𝑥(𝐼𝑀𝐹) 

 

2. Standard deviation: 

 

𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =  √
1

𝑁
∑(𝑥𝑖 − 𝑥̅)2

𝑁

𝑖=1

 

 

3. Entropy: 

 

𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝(𝑥𝑖) 𝑙𝑜𝑔2(𝑝(𝑥𝑖))

𝑁

𝑖=1

 

 

where, 𝑝(𝑥𝑖) is the probability of each unique IMF value. 
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2.3. Feature Normalization 

 

The extracted features are normalized using min-max scaling to ensure uniform 

magnitude and facilitate PANN training: 

 

 𝑋𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =  
𝑋− 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 (6) 

 

𝑋𝑚𝑖𝑛 𝑎𝑛𝑑 𝑋𝑚𝑎𝑥 are the minimum and maximum values of the feature across the dataset. 

 

2.4. PANN Classifier 

 

The Pattern Recognition Neural Network (PANN) structure in figure 1 is used for 

islanding detection. The network consists of: 

❖ Input layer: 3 neurons (for max, standard deviation, entropy) 

❖ Hidden layer: 3 neurons 

❖ Output layer: 1 neuron (0 = non-islanding, 1 = islanding) 

 

 

Fig. 1. PANN structure with 3 inputs 

 

The PANN is trained using supervised learning and backpropagation, adjusting weights 

to minimize prediction errors. The classifier learns patterns and relationships in the features to 

distinguish islanding from non-islanding events effectively. 

 

2.5. Proposed Detection Algorithm 

 

The overall algorithm is summarized as follows: 

1. Acquire negative sequence voltage data from islanding and non-islanding scenarios at the 

PCC. 

2. Add white Gaussian noise (std = 0.6) to enhance decomposition robustness. 

3. Apply CEEMDAN across 100 noisy realizations to extract IMFs. 
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4. Compute IMF power and select significant IMFs (≥90th percentile). 

5. Extract max, standard deviation, and entropy from significant IMFs. 

6. Normalize the features using min-max scaling. 

7. Train the PANN classifier on the extracted features. 

8. Classify new voltage signals to detect islanding events. 

 

 

Fig. 2. Flow chart for the proposed islanding detection 
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Figure 2 illustrates the CEEMDAN–PANN-based islanding detection framework, 

showing steps from signal acquisition to classification. 

 

 

3. RESULTS AND DISCUSSION 

 

3.1. Test System for Islanding Detection 

 

The proposed CEEMDAN–PANN islanding detection method was evaluated using a 

standard test system widely employed in the literature for validating islanding detection 

algorithms[17],[18]. The system was modeled in MATLAB/Simulink, incorporating realistic 

grid conditions, distributed solar PV generation, and various load types. Figure 3 illustrates the 

studied distributed generation system. 

 

 

Fig. 3: The studied distributed power generation system 

 

Key components of the system include: 

✓ PV-DG unit: Represents solar photovoltaic generation connected to the grid. 

✓ Loads: Both local and grid-connected loads of varying magnitude and characteristics. 

✓ Utility grid and circuit breakers: Enable simulation of disconnection events and islanding 

conditions. 

✓ Point of Common Coupling (PCC): Location where negative sequence voltage is 

measured for monitoring and analysis. 

A total of 294 distinct disturbance scenarios were simulated (Table 1), encompassing 

islanding, fault, and load-switching conditions. The negative sequence voltage was recorded at 

a sampling frequency of 3.84 kHz over 2.5 s, capturing both transient and steady-state 

characteristics necessary for robust islanding detection. 
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Table 1 Simulated grid disturbances 

labels scenarios Scenarios description Number of tests 

C1 islanding Tripping circuit breaker 

during different power 

mismatch 

144 

C2 Non islanding Fault events for 3-phase, 2-

phase and single phase 

132 

C3 Non islanding Switching of local and grid 

loads 

18 

 

Name of system parameters Specifications 

PV system Module: sun-power 

 Module model: SunPower SPR-305E-WHT-D 

 Modules in series: 5 

 No of parallel string: 66 parallel strings 

 PV power rating: 100.7kw 

 Reference voltage: 500V DC 

 Inverter nominal frequency: 60Hz 

 Frequency of the PWM carrier: 33x60Hz 

 Voltage integral and proportional gain: Ki:800, Kp:7 

 Current integral and proportional gain: Ki:20, Kp:0.3 

Electric power grid Rating: 120Kv, and 2500MVA 

Transmission line Resistance: R=0.413 

 Inductance: L=3.32x10-3H 

 Capacitance: C=5.01x10-9F 

 Rating: L1=100kW, L2=2MW, L3= 30MW+j2MVAr 

 Line voltage: 25KV 

 Length of the line: line-1 is 14km, and line-2 is 5km 

Transformer Voltage level:120kV/25kV 

 Rating: 47MVA for T1, 100kVA, 25kV/0.67kV for T2 

 

 

3.2. Islanding Scenario (C1) 

 

Islanding events were simulated by tripping the grid-side circuit breaker. Figure 4 

illustrates islanding of the negative sequence voltage response during various power mismatch 

conditions. 
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Fig. 4. Islanding during various power mismatch 

 

Under zero-power mismatch, the signal and its IMFs (Figure 5) exhibit minimal 

variation, making differentiation from other disturbances challenging. Three IMFs were 

extracted: 

✓ IMF1: Highest frequency content, capturing rapid transient changes. 

✓ IMF2 & IMF3: Lower frequency content, reflecting slower system dynamics 

crucial for detection. 

 

 

Fig. 5. Islanding case of Negative sequence voltage and IMFs during zero power mismatch 
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With a 50% power mismatch, larger voltage variations are observed (Figure 6), 

improving discrimination between islanding and non-islanding events. IMF1 captures fast 

transients, while IMF2 and IMF3 reflect slower dynamics, highlighting the impact of power 

mismatch on islanding detection. 

 

Fig. 6. Islanding case of negative sequence voltage and IMFs @50% power mismatch 

 

3.3. Fault Scenario (C2) 

 

Various faults, including single-phase, two-phase, and three-phase faults, were 

simulated at different distances from the PCC (5 km and 14 km). Resistance values ranged from 

1 Ω to 70 Ω and were cleared after 300 ms. 

Figures 7–9 illustrate negative sequence voltage responses for different fault types. 

Lower voltages at higher fault resistance complicate islanding detection. 

 

 

Fig. 7. 3-phase fault inception time 1.5 seconds negative sequence voltage waveform 
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Fig. 8. 2-phase fault inception time 1.5 seconds negative sequence voltage waveform 

 
Fig. 9. 1-phase fault inception time 1.5 seconds negative sequence voltage waveform 

 

CEEMDAN was applied to extract IMF features from the 1.5–1.8 s window around the 

fault event (Figure 10). 

 IMF1 captures high-frequency transient response while IMF2 & IMF3: Reveal lower-

frequency components essential for distinguishing faults from islanding. 

 

 

Fig. 10. 3-phase grid fault and IMFs for a fault resistance of one ohm 
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3.4. Load Switching Scenario (C3) 

 

Load switching events were simulated at t = 1.5 s, with capacities ranging from 10 MW 

to 20 MW. Figures 11–12 display voltage variations at the PCC for local and grid load 

switching. 

 

Fig. 11. Local load switching fault 

 

 

Fig. 12. Grid load switching fault 

 

IMFs corresponding to different load magnitudes (Figures 13–14) demonstrate that 

larger load changes induce more significant negative sequence voltage variations, which are 

critical for detecting disturbances that could be misinterpreted as islanding. 
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Fig. 13. Switching fault and IMFs for various loading effect(10MW) 

 

Fig. 14. Switching fault and IMFs for various loading effect(20MW) 

 

3.5. Feature Analysis for Islanding Detection 

 

Three statistical features were extracted from the IMFs for islanding detection: 

normalized maximum value, standard deviation, and entropy. 

 Normalized Max (Figure 15) has higher during islanding events, lower for non-

islanding scenarios. 

 Normalized Standard Deviation (Figure 16) has larger deviations during islanding. 

Normalized Entropy (Figure 17) has lower entropy in islanding conditions, higher in 

non-islanding events. 
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 These features provided clear discrimination between islanding and non-islanding 

scenarios, forming the input for the PANN classifier. 

 

 

Fig. 15. Normalized max feature analysis 

 

 

Fig. 16. Normalized std features analysis 

 

 

Fig. 17. Normalized entropy features analysis 
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3.6. PANN Training and Performance 

 

The PANN with a single hidden layer of 3 neurons was trained over 24 iterations. 

Performance metrics included: Training accuracy: 96.4%, Validation accuracy: 97.1%, Testing 

accuracy: 100%, Overall accuracy: 97.0%. 

Figure 18 shows regression performance, and Figure 19 highlights cross-entropy loss 

reduction to 0.09399 at epoch 18, indicating effective feature learning and model convergence. 

 Training and testing times were 4109.85 ms and 18.97 ms, respectively, demonstrating 

real-time applicability. 

 

Fig. 18. Performance of CEEMDAM-PANN training with single hidden layer 3 
 

 

Fig. 19. Performance of CEEMDAN-PANN training with single hidden layers 3 neurons 
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3.7. 5-Fold Cross-Validation Performance 

 

The model was evaluated using 5-fold cross-validation. Figure 20 illustrates fold-wise 

training and testing accuracies. Table 4 summarizes performance metrics: 

 

 

Fig. 19. Training and test accuracy of CEEMDAN-PANN on 5-fold cross validation  

 

Table 2 cross validation Performance of the CEEMDAN-PANN islanding detection 

Fold Accuracy (%) Precision Recall F1_score 

1 94.83 0.97 0.93 0.95 

2 98.61 1 0.97 0.98 

3 94.92 0.97 0.93 0.95 

4 96.61 0.97 0.97 0.97 

5 98.31 1 0.97 0.98 

 

These results indicate high robustness and generalization across different dataset 

subsets. 

 

3.8. Classification Results 

 

The CEEMDAN–PANN classifier achieved: 100% detection for islanding events and 

96.67% detection for non-islanding events (Table 3, Figure 21). 

 

Table 3 CEEMDAN-PANN classification result with IMFs 

classes No of cases Correct detection accuracy 

Non-islanding 30 29 96.67 

islanding 29 29 100 
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Fig. 20. CEEMDAN-PANN confusion matrix for islanding condition 

 

3.9. Comparison with Existing Methods 

 

The proposed method outperformed recent approaches in both accuracy and detection 

speed (Table 5): 

Table 4 comparison with existing methods 

Reference Signal processing classifier Accuracy 

(%) 

[19] Wavelet transform ANN 91.43 

[20] Wavelet transform Decision tree 97.9 

[21] S-transform  KNN 98.1 

[22] Wavelet-singular 

spectrum entropy 

Deep learning 98.4 

Proposed method CEEMDAN Pattern artificial 

neural network 

98.6 

 

Detection time of 0.1806 seconds, suitable for real-time applications 

 

 

4. CONCLUSION 

 

This study presents a robust CEEMDAN–PANN-based islanding detection method for 

solar PV-distributed generation systems. By leveraging negative sequence voltage, selecting 

significant IMFs, and extracting max, standard deviation, and entropy features, the approach 

achieved high detection accuracy (98.6%) and fast response (0.1806 s). 
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 Compared to conventional methods, the proposed framework reduces the non-detection 

zone and ensures reliable, real-time identification of islanding events under power mismatches, 

load switching, and noisy environments. Future work will focus on field implementation and 

optimization for evolving smart grid scenarios. 
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