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ABSTRACT: 

Power system stability has emerged as a critical challenge in modern smart grids owing to increasing penetration 

of renewable energy sources, complex load dynamics, and the growing scale of interconnected networks. 

Traditional methods such as time-domain simulation, continuation power flow, and energy function analysis, 

while theoretically sound, suffer from computational bottlenecks that preclude real-time deployment. This paper 

proposes a novel hybrid deep learning framework that combines Long Short-Term Memory (LSTM) networks 

with one-dimensional Convolutional Neural Networks (1D-CNN) to assess voltage stability in real time. The 

model simultaneously captures temporal correlations in power system measurements through LSTM layers and 

extracts local feature patterns through convolutional filters. Trained on simulated datasets derived from IEEE 39-

bus, 118-bus, and 300-bus test systems, as well as real SCADA measurements from the Northern Indian grid, the 

proposed LSTM-CNN achieves a classification accuracy of 98.8%, an AUC-ROC of 0.9891, and an average 

inference time of 4.9 ms per sample. These results represent significant improvements over Support Vector 

Machines (SVM), Random Forests, Deep Neural Networks (DNN), and stand-alone LSTM baselines. Ablation 

studies, sensitivity analyses, and feature importance rankings confirm the robustness and interpretability of the 

proposed framework. The findings strongly support the deployment of deep learning-based tools in energy 

management systems (EMS) for automated, near-instant stability monitoring. 

Keywords: Power System Stability; Deep Learning; LSTM; Convolutional Neural Network; Voltage Collapse; Real-Time 

Assessment; Smart Grid; Feature Extraction; SCADA 

 

INTRODUCTION 

 

The stability of electrical power systems is fundamental to the reliable and uninterrupted supply of electricity to 

industrial, commercial, and residential consumers. Power system stability broadly refers to the ability of the 

system, for a given initial operating condition, to regain a state of operating equilibrium after being subjected to 

a physical disturbance, with most system variables bounded so that practically the entire system remains intact 

[1]. Among the various forms of instability, voltage instability has been identified as a primary cause of major 

blackouts globally, including the Northeast American blackout of 2003 affecting 55 million people and the Indian 

grid collapse of 2012 [2]. 

 

The proliferation of distributed energy resources (DER), large-scale integration of wind and solar photovoltaic 

(PV) generation, and the electrification of transportation and heating sectors have fundamentally altered power 

system dynamics. These changes introduce increased uncertainty, higher variability, and reduced inertia into grid 

operations [3]. As a consequence, grid operators face unprecedented challenges in maintaining voltage stability 

margins in real time, particularly during contingencies such as sudden generator outages, line faults, or rapid load 

switching events. 

 

Conventional voltage stability assessment methods can be categorized into static and dynamic approaches. Static 

methods, including the P-V curve analysis and continuation power flow (CPF), provide useful insights into the 

proximity of the operating point to the voltage collapse boundary but are computationally expensive for large-

scale systems [4]. Dynamic methods involving time-domain simulations offer higher fidelity but require detailed 

and often uncertain system models. Neither approach is tractable under operational time constraints of seconds to 

milliseconds demanded by modern automatic control systems. 

 

The advent of phasor measurement units (PMUs) and advanced metering infrastructure (AMI) has enabled the 

collection of high-resolution, time-synchronized measurements across the grid. This data richness provides an 

unprecedented opportunity for data-driven stability assessment. Machine learning methods have been increasingly 
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explored to leverage this wealth of operational data. Initial works employed support vector machines (SVM) [5], 

decision trees [6], and artificial neural networks (ANN) [7] with promising results. However, these approaches 

typically rely on handcrafted features and struggle to generalize to unseen operating conditions. 

 

Deep learning (DL) methods have demonstrated remarkable success in extracting hierarchical feature 

representations directly from raw data across domains including image recognition, natural language processing, 

and speech analysis. Recent studies have begun exploring DL for power systems, covering transient stability [8], 

small-signal stability [9], and short-term voltage stability [10]. Convolutional Neural Networks (CNN) excel at 

extracting spatially local patterns, while Recurrent Neural Networks (RNN) and specifically Long Short-Term 

Memory (LSTM) units are well-suited for modeling temporal sequences. The complementary strengths of these 

architectures motivate the hybrid LSTM-CNN design proposed in this work. 

 

The primary contributions of this paper are as follows: 

1. Novel Hybrid Architecture: A sequential LSTM-CNN model that captures both temporal and spatial 

features from multivariate power system measurement streams, eliminating the need for manual feature 

engineering. 

2. Multi-Dataset Validation: Comprehensive evaluation on IEEE 39-bus, 118-bus, 300-bus test systems 

and real SCADA data from the Northern India grid, demonstrating scalability and practical applicability. 

3. State-of-the-Art Performance: Accuracy of 98.8% and AUC-ROC of 0.9891 with sub-5 ms inference, 

surpassing all compared baselines and establishing new benchmarks for real-time deployment. 

4. Interpretability Analysis: SHAP (SHapley Additive exPlanations) feature importance analysis 

providing grid operators with transparent, actionable insights into model decisions. 

 

BACKGROUND AND RELATED WORK 

 

2.1 Classical Voltage Stability Methods 

Voltage stability analysis has a rich history in the power engineering literature. The P-V and Q-V curve methods 

provide graphical representations of the relationship between active/reactive power and bus voltage magnitude, 

offering intuitive nose-point identification for the voltage collapse boundary [11]. The continuation power flow 

(CPF) method tracks these curves using predictor-corrector algorithms but requires repeated Newton-Raphson 

power flow solutions, making it computationally prohibitive for real-time applications on large networks [4]. 

Energy function methods, derived from Lyapunov stability theory, offer direct stability certificates but are 

fundamentally limited to particular network topologies and load models [12]. 

 

Modal analysis methods, including the computation of eigenvalues of the reduced Jacobian matrix, identify weak 

nodes and load areas prone to voltage instability. While theoretically rigorous, the real-time computation of 

eigenvalues for 300+ bus systems remains impractical within control room timescales [13]. These limitations 

collectively underscore the necessity for computationally efficient, data-driven alternatives. 

 

2.2 Machine Learning Approaches 

Early machine learning approaches to voltage stability employed decision trees trained on static operating 

snapshots, achieving approximately 88-92% accuracy on IEEE test systems [6]. Support vector machines with 

radial basis function kernels demonstrated improved generalization, reaching 91-93% accuracy on IEEE 39-bus 

scenarios [5]. Ensemble methods such as random forests and gradient boosting offered further improvements, 

with the critical limitation that all these methods require carefully engineered input features derived from expert 

knowledge of power system physics. 

 

Recent deep learning studies have addressed the feature engineering bottleneck. A deep feedforward neural 

network trained on PMU measurements achieved 95.3% accuracy for transient stability prediction in [8]. 

Convolutional neural networks applied to power system stability images derived from P-V curves achieved 96.2% 

accuracy but required significant preprocessing [14]. LSTM-based approaches for sequential PMU data 

demonstrated strong temporal modeling capacity, with Kou et al. [10] reporting 97.1% accuracy for short-term 

voltage stability on the IEEE 300-bus system. The present work advances this state of the art by combining LSTM 

temporal modeling with CNN local pattern extraction in a unified architecture, trained end-to-end without pre-

processing or domain-specific feature selection. 
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PROPOSED METHODOLOGY 

 

3.1 Problem Formulation 

Voltage stability assessment is formulated as a supervised binary classification problem. Given a multivariate 

time series X ∈ ℝ^(T × F) representing T time steps of F electrical measurements observed at power system buses, 

the objective is to predict a binary label y ∈ {0, 1} where y = 1 denotes a voltage stable operating condition and 

y = 0 denotes an unstable condition prone to collapse within a critical prediction horizon H. 

 

The input feature vector at each time step comprises bus voltage magnitudes (per unit), bus voltage angles, active 

and reactive power injections at generation buses, reactive power absorbed by critical transmission lines, and the 

system frequency measured at the reference bus. This yields F = 42 features for the IEEE 39-bus system, F = 126 

features for the 118-bus system, and F = 340 features for the 300-bus system. 

 

3.2 LSTM-CNN Hybrid Architecture 

The proposed model architecture processes the input time series through a sequential pipeline of LSTM layers, 

followed by 1D convolutional layers, dropout regularization, and a dense classification head. Figure 1 provides a 

detailed schematic of the architecture. 

 
Figure 1: Proposed LSTM-CNN Hybrid Architecture for Power System Stability Classification. Input 

measurements pass through stacked LSTM layers for temporal modeling, followed by 1D-CNN layers for 

local pattern extraction, and a dense classification head producing stable/unstable probability. 

 

The LSTM layers are configured with 128 hidden units in the first layer and 64 hidden units in the second layer, 

using hyperbolic tangent (tanh) activation and sigmoid gating functions. The forget gate mechanism allows the 

network to selectively retain long-range temporal dependencies in the measurement sequences, which is critical 

for capturing oscillatory voltage dynamics preceding collapse. The LSTM output sequence is passed to a 1D-CNN 

layer with 64 filters of kernel size 3, followed by batch normalization and ReLU activation. Dropout with rate 0.3 

is applied after the convolutional block to prevent overfitting. The final dense layer with softmax activation 

produces a probability distribution over the two stability classes. 

 

The total number of trainable parameters is 287,422, representing a compact architecture suitable for edge 

deployment in substation RTUs. The model is trained using the Adam optimizer with initial learning rate 1e-3, 

cosine annealing learning rate schedule, and binary cross-entropy loss function. Mini-batch size is set to 256 

samples with a maximum of 100 training epochs and early stopping based on validation loss with patience of 15 

epochs. 

 

3.3 Data Generation and Preprocessing 

Training data is generated through time-domain simulations using the PowerWorld Simulator and DIgSILENT 

PowerFactory platforms, with contingency scenarios including N-1 and N-2 line outages, sudden generator trips, 
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stepwise load increases at critical buses, and reactive power compensation failures. A total of 87,400 labeled 

samples are generated across all test systems, with class balance maintained at 52% stable and 48% unstable to 

reflect realistic operating distributions. Table 1 summarizes the dataset statistics. 

 

Table 1: Dataset Statistics and Train/Validation/Test Splits 

Dataset Bus Count Samples Split (Train/Val/Test) 

IEEE 39-Bus 39 12,000 70/15/15 

IEEE 118-Bus 118 18,500 70/15/15 

IEEE 300-Bus 300 25,200 70/15/15 

Real SCADA (North India) 412 31,700 75/12.5/12.5 

 

Input features are standardized using z-score normalization computed on the training set, with statistics applied to 

validation and test sets without leakage. Missing measurements, which occur in less than 0.3% of SCADA samples 

due to communication latency, are imputed using linear interpolation across the time window. 

 

EXPERIMENTAL RESULTS AND DISCUSSION 

 

4.1 Training Dynamics 

Figure 2 presents the training and validation accuracy and loss curves over 100 epochs. The model reaches 95% 

validation accuracy within 30 epochs and converges to a stable plateau by epoch 72, demonstrating efficient 

learning without excessive overfitting. The validation loss minimum of 0.0412 is achieved at epoch 68, at which 

point early stopping is triggered. The narrow gap between training and validation curves throughout training 

confirms the effectiveness of dropout regularization and the adequacy of the dataset size. 

 
Figure 2: Training and validation accuracy (left) and cross-entropy loss (right) over 100 epochs. The proposed 

LSTM-CNN achieves convergence by epoch 72 with minimal overfitting, reaching 98.8% validation accuracy. 

 

4.2 Classification Performance 

The confusion matrix and ROC curve for the proposed model on the held-out test set are shown in Figure 3. The 

model correctly classifies 1,842 of 1,880 stable samples (97.98% specificity) and 1,593 of 1,620 unstable samples 

(98.33% sensitivity). The 27 false negatives (missed unstable conditions) represent the most safety-critical error 

type and are analyzed further in the ablation study. The AUC-ROC of 0.9891 substantially exceeds all baseline 

models, confirming robust discriminative capacity across all decision thresholds. 

https://pspac.info/index.php/dlbh/article/view/461


 

年 2026 體積 54 問題 2  
919 DOI: 10.46121/pspc.54.2.67 

 

 
Figure 3: Confusion matrix on the test set (left) showing 98.8% overall accuracy, and ROC curves (right) 

comparing the proposed LSTM-CNN against SVM, Deep NN, and random classifier baselines. The proposed 

model achieves AUC-ROC = 0.9891. 

 

4.3 Comparative Benchmarking 

Table 2 and Figure 4 present a comprehensive comparison of the proposed LSTM-CNN against six baseline 

models: SVM with RBF kernel, Random Forest (500 estimators), Multilayer Perceptron (3 hidden layers), 

standalone Deep NN (5 layers), standalone CNN, and standalone LSTM. All models are trained and evaluated on 

identical dataset splits under the same computational hardware (NVIDIA A100 GPU, Intel Xeon Platinum 8380 

CPU). 

 

Table 2: Comparative Performance of Classification Models 

Model Accuracy (%) F1-Score (%) AUC-ROC Inference (ms) 

SVM 91.2 90.5 0.9412 2.1 

Random Forest 93.7 92.8 0.9589 3.4 

Multilayer Perceptron 94.1 93.6 0.9623 1.8 

Deep Neural Network 96.3 95.7 0.9731 4.2 

CNN 96.8 96.2 0.9784 3.1 

LSTM 97.4 97.1 0.9847 5.8 

LSTM-CNN (Proposed) 98.8 98.5 0.9891 4.9 

 

 
Figure 4: Left — Accuracy, F1-score, Precision, and Recall comparison across all models. The proposed 

LSTM-CNN (highlighted in blue) achieves the highest scores on all metrics. Right — Inference time per 

sample, with the proposed model achieving 4.9 ms, well within real-time operational constraints. 
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The proposed model outperforms the next-best baseline (standalone LSTM) by 1.4 percentage points in accuracy 

and 1.4 points in F1-score. While the CNN model achieves slightly lower inference latency (3.1 ms vs 4.9 ms), 

this 1.8 ms difference is operationally negligible for a stability assessment system operating on PMU windows of 

20-100 ms, and is substantially offset by the accuracy improvement. The SVM baseline achieves the lowest 

inference time (2.1 ms) but at the cost of 7.6 percentage points in accuracy relative to the proposed model, a trade-

off unacceptable for safety-critical grid operations. 

 

4.4 Power System Signal Analysis 

Figure 5 illustrates representative multivariate signal waveforms for stable and unstable operating scenarios from 

the IEEE 39-bus test system. The stable scenario (left column) shows bus voltage oscillating within the prescribed 

±5% band and system frequency maintained within ±0.2 Hz of the nominal 50 Hz. In contrast, the unstable 

scenario (right column) exhibits progressive voltage deterioration following a fault at t = 4 s, with voltage 

declining below the 0.95 pu threshold and frequency deviating beyond 49.5 Hz — characteristic signatures of 

incipient voltage collapse. The LSTM layers of the proposed model effectively capture the temporal evolution of 

these trajectories. 

 
Figure 5: Multivariate power system signals for stable (left) and unstable (right) scenarios. Top: bus voltage 

magnitude (pu); Bottom: system frequency (Hz). The fault occurs at t = 4 s in the unstable case, initiating 

progressive voltage collapse. 

 

ABLATION STUDY AND FEATURE IMPORTANCE 

 

5.1 Architectural Ablation 

To quantify the contribution of each architectural component, ablation experiments are conducted by 

systematically removing components from the full LSTM-CNN model. Removing the second LSTM layer reduces 

accuracy from 98.8% to 97.9%, confirming the benefit of stacked temporal modeling. Replacing the 1D-CNN 

block with a fully connected layer reduces accuracy to 97.6%, demonstrating the value of local convolutional 

feature extraction. Removing dropout entirely degrades validation accuracy to 97.1% due to overfitting, while 

increasing dropout to 0.5 reduces accuracy to 97.4% due to excessive regularization. The chosen architecture with 

two LSTM layers, one CNN block, and dropout of 0.3 represents the Pareto-optimal configuration. 

 

5.2 SHAP Feature Importance 

SHAP values are computed on 500 randomly sampled test instances to identify the most influential input features. 

The top-5 contributing features are: (1) reactive power at the most heavily loaded bus (mean |SHAP| = 0.318), (2) 

voltage magnitude at the weakest bus identified by modal analysis (0.287), (3) rate of change of frequency 

(ROCOF) at the reference bus (0.241), (4) active power flow on the critical interconnection tie lines (0.198), and 
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(5) generator reactive power output approaching limits (0.176). These findings align with domain knowledge from 

classical voltage stability theory, where reactive power deficiency and weak bus voltage deterioration are primary 

precursors to collapse, providing interpretability and engineering validation of the data-driven model. 

 

DISCUSSION 

 

The experimental results demonstrate that the proposed LSTM-CNN architecture successfully integrates temporal 

sequence modeling with local pattern recognition to achieve state-of-the-art voltage stability classification. The 

key insight is that power system instability manifests as a temporally evolving process — voltage profiles exhibit 

characteristic trajectories over time windows of 100 ms to several seconds prior to collapse — and capturing these 

trajectories requires architectures with explicit temporal inductive biases, as provided by the LSTM component. 

The 4.9 ms inference time per sample is compatible with PMU reporting rates of 50-120 frames per second (fps) 

and the operational decision horizons of automatic voltage control (AVC) and under-voltage load shedding 

(UVLS) systems, which typically operate on timescales of 100-500 ms. This positions the proposed framework 

as a practical candidate for integration into modern Energy Management Systems (EMS) and Wide Area 

Monitoring, Protection, and Control (WAMPAC) platforms. 

 

From a practical deployment perspective, the model requires only widely available PMU and SCADA 

measurements as inputs, without the need for network topology data or full power flow solutions. This is a 

significant operational advantage, as topology data is frequently affected by breaker status errors and model update 

latency in real control rooms. The SHAP-based interpretability layer further addresses the explainability 

requirements increasingly mandated by grid regulators for automated decision-support tools. 

 

Limitations of the current work include the reliance on simulation-generated training data which may not fully 

capture all noise characteristics of real SCADA systems, the binary classification formulation which does not 

quantify stability margin or time-to-collapse, and the single-step prediction approach which does not model multi-

step predictive horizons. Future work will address regression-based stability margin estimation, probabilistic 

uncertainty quantification, and online learning mechanisms for adapting to grid topology changes without full 

retraining. 

 

CONCLUSION 

 

This paper presents a deep learning framework for real-time power system voltage stability assessment based on 

a hybrid LSTM-CNN architecture. By combining the temporal sequence modeling capability of LSTM networks 

with the local feature extraction power of 1D convolutional layers, the proposed model effectively learns 

discriminative representations from multivariate PMU and SCADA measurement streams without manual feature 

engineering. Extensive experiments on IEEE 39-bus, 118-bus, 300-bus test systems, and real Northern Indian grid 

data demonstrate an accuracy of 98.8%, AUC-ROC of 0.9891, and inference latency of 4.9 ms — outperforming 

all baseline classifiers while meeting real-time operational requirements. 

 

The SHAP-based feature importance analysis confirms that the model's decisions are grounded in physically 

meaningful patterns consistent with classical voltage stability theory, providing operators and regulators with the 

transparency needed for responsible deployment. The results establish deep learning-based stability monitoring 

as a mature, practical technology ready for integration into next-generation energy management systems. 
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