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					Abstract—Low-frequency oscillations (LFOs) pose a significant threat to the dynamic stability and reliable operation of large  

					interconnected power systems. Traditional damping controllers often face challenges in adapting to nonlinear system behavior,  

					varying load conditions, and network topology changes. This paper presents a machine learning-assisted framework for the  

					monitoring and damping control of low-frequency oscillations in power systems. The proposed approach integrates advanced  

					data-driven techniques to identify oscillatory modes, predict instability patterns, and optimize control parameters in real time. A  

					hybrid model combining signal processing for feature extraction and supervised learning for oscillation prediction is developed to  

					enhance situational awareness and decision-making. Simulation studies on standard IEEE test systems validate the proposed  

					method’s ability to improve damping performance, reduce oscillation amplitude, and enhance overall system stability under  

					dynamic operating conditions. The results demonstrate that machine learning-based adaptive control offers a robust and scalable  

					solution for mitigating low-frequency oscillations in next-generation smart power grids.  

					Keywords—Low-Frequency Oscillations, Power System Stability, Machine Learning, Damping Control, Signal Processing,  
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					I. Introduction  

					The stability of modern power systems has become a critical concern due to the increasing complexity, dynamic nature, and  

					integration of renewable energy sources into existing grids. Among various stability issues, low-frequency oscillations (LFOs)  

					represent a persistent and challenging phenomenon that can adversely affect the reliability, security, and efficiency of power  

					system operations. These oscillations, typically ranging between 0.1 and 2.0 Hz, occur due to insufficient damping of  

					electromechanical modes following disturbances such as sudden load changes, generator outages, or faults. If not adequately  

					monitored and controlled, LFOs can lead to system-wide instability, degraded power quality, and even cascading failures.  

					Traditional control mechanisms such as Power System Stabilizers (PSS) and supplementary damping controllers have been  

					widely employed to mitigate these oscillations; however, their performance often deteriorates under varying operating conditions,  

					nonlinearities, and parameter uncertainties. As the modern power grid evolves into a highly interconnected and data-rich cyber-  

					physical system, there is a growing need for adaptive, intelligent, and data-driven control strategies that can ensure stable  

					operation under dynamic and uncertain environments. Machine learning (ML) has emerged as a promising approach to address  

					these challenges due to its capability to learn complex nonlinear relationships, extract hidden patterns from large datasets, and  

					make data-driven decisions in real time. The integration of ML techniques into power system stability assessment and control has  

					gained significant attention in recent years. ML-based models can be trained using historical and real-time measurement data to  

					predict oscillatory behavior, classify stability conditions, and adapt control parameters dynamically. Unlike conventional model-  

					based approaches that rely heavily on accurate system modeling and linear approximations, ML techniques can handle high-  

					dimensional, noisy, and nonlinear data more effectively. This capability makes them particularly suitable for monitoring and  

					controlling low-frequency oscillations in modern, renewable-integrated grids, where system dynamics are constantly changing  

					due to fluctuating generation and demand. Monitoring of low-frequency oscillations traditionally relies on modal analysis, Prony  

					analysis, or Fast Fourier Transform (FFT)-based methods, which, while effective, are computationally intensive and not always  

					suitable for real-time applications. The emergence of phasor measurement units (PMUs) and wide-area measurement systems  

					(WAMS) has enabled the acquisition of synchronized, high-resolution data from across the grid, providing an opportunity to  

					apply ML algorithms for real-time oscillation detection and control. Machine learning models such as Support Vector Machines  

					(SVM), Random Forests, and Neural Networks can be trained to identify oscillation modes, detect anomalies, and forecast  

					potential instabilities before they escalate. Furthermore, advanced architectures like Long Short-Term Memory (LSTM) networks  

					can capture temporal dependencies in oscillation data, making them highly effective for time-series prediction in power systems.  

					Beyond monitoring, ML also plays a vital role in the design of adaptive damping controllers. Conventional PSS designs depend  

					on fixed parameters tuned for specific operating conditions, limiting their robustness in dynamic environments. In contrast, ML-  

					assisted controllers can continuously learn from system responses and adapt their parameters to maintain optimal damping  

					performance. Reinforcement learning (RL), a subset of ML, has shown significant potential in this domain by enabling controllers  

					to learn optimal control policies through interaction with the system environment. This learning-based adaptive control  

					framework can dynamically adjust excitation systems, FACTS devices, or inverter-based resources to mitigate oscillations more  

					efficiently. The synergy between real-time monitoring, predictive analytics, and adaptive control establishes a foundation for  

					resilient, self-healing power systems capable of maintaining stability amidst uncertainty. Moreover, the transition toward smart  
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					grids and distributed energy resources (DERs) further amplifies the importance of intelligent oscillation control. The integration  

					of renewable energy sources such as wind and solar introduces new oscillatory modes due to inverter-based dynamics, reducing  

					the natural inertia of the grid and increasing susceptibility to low-frequency disturbances. In this context, ML-assisted techniques  

					provide a scalable and flexible solution by leveraging real-time data analytics to manage distributed and hybrid systems. The  

					combination of data-driven monitoring and adaptive control contributes to a more resilient and self-sustaining power  

					infrastructure capable of withstanding disturbances without human intervention. In this paper, a machine learning-assisted  

					framework for monitoring and damping control of low-frequency oscillations in power systems is proposed. The approach  

					integrates advanced signal processing techniques for feature extraction and supervised learning models for oscillation detection  

					and prediction. The framework also incorporates adaptive control strategies that utilize real-time data to optimize damping  

					parameters dynamically.  

					Fig. 1. Learning-Based Adaptive Control Framework  

					The proposed method is validated using standard IEEE test systems under various operating conditions to evaluate its  

					effectiveness in enhancing damping performance and system stability. The results demonstrate that the ML-assisted approach  

					provides improved accuracy, faster response, and greater adaptability compared to conventional control methods. This research  

					contributes toward the realization of intelligent, self-regulating power systems that can maintain stability and reliability in the  

					face of growing complexity and uncertainty in the modern energy landscape.  

					II. Literature Review  

					The study of low-frequency oscillations (LFOs) and ultra-low-frequency oscillations (ULFOs) in power systems has gained  

					significant attention due to their impact on system stability and reliability. Sun and Ma [1] conducted a mechanistic analysis of  

					ULFOs accompanied by LFOs in hydropower systems, highlighting the interactions between different oscillation modes and  

					identifying the critical conditions under which such oscillations emerge. Their work laid the foundation for understanding the  

					physical phenomena that lead to stability challenges in large-scale power systems. Expanding on this, Cai et al. [2] focused on the  

					stability analysis of ULFOs in general power systems, emphasizing the importance of identifying system parameters and operating  

					conditions that contribute to oscillatory instability. Their study provided valuable insights into the modeling and prediction of  

					system oscillations under varying load and generation scenarios. Zhong et al. [3] investigated LFO assessment in traction power  

					supply systems integrated with railway power conditioners. Their work underscored the necessity of specialized modeling for  

					electrified railway systems, where dynamic interactions between traction loads and power converters can induce oscillatory  

					behavior. Similarly, Thakkar et al. [4] proposed advanced power system network modeling techniques to predict inter-area LFOs,  

					demonstrating how system-wide topological and dynamic properties influence oscillation modes. These studies collectively  

					emphasize the significance of both local and inter-area factors in low-frequency oscillatory phenomena. In the context of emerging  

					grid technologies, Wu et al. [5] analysed LFOs in dual virtual synchronous generator (VSG) parallel systems, highlighting the  

					complexities introduced by inverter-based resources and the need for advanced control strategies to maintain system damping.  

					Liang et al. [12] further explored LFOs in VSG-controlled converters within hybrid grid-following/grid-forming (GFL/GFM)  

					systems using the [P Q]-[ω V] model, providing a framework for understanding frequency-voltage interactions and their effect on  

					oscillation dynamics. Cao et al. [8] studied LFO behavior in PMSG-based wind turbines controlled by VSGs, demonstrating the  

					challenges associated with renewable integration and the critical role of control strategies in mitigating oscillatory instabilities.  

					Alongside system stability analysis, the application of intelligent techniques for security and control in power and smart grid  

					systems has been extensively studied. Sharma and Kumar [6] explored the role of artificial intelligence (AI) in enhancing data  

					security and privacy in smart cities, emphasizing the potential of AI-driven methods to protect critical infrastructure. Vikas et al.  

					[7] and the works on mobile ad hoc networks [9,10] extended this concept to intrusion detection, employing hybrid deep belief  

					networks, Harris Hawks optimization, and graph neural networks for real-time threat detection, illustrating the growing  

					convergence of AI and power/communication systems for secure and resilient operation. In the domain of real-time oscillation  

					damping, Kumar et al. [11] demonstrated the effectiveness of machine learning-based controllers for mitigating LFOs in power  
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					networks, highlighting the predictive capabilities and adaptive performance of data-driven approaches. On the cybersecurity front,  

					Kumar et al. [13,14] and Saini and Bhui [15] focused on detecting and mitigating false data injection attacks in wide-area damping  

					controllers using random forest classifiers and semi-supervised generative adversarial networks, respectively. These studies  

					underline the importance of integrating machine learning techniques not only for system stability enhancement but also for  

					safeguarding critical control infrastructures against sophisticated cyber threats. Overall, the reviewed literature illustrates a  

					comprehensive picture of contemporary research in low-frequency oscillation analysis, control strategies using intelligent systems,  

					and cybersecurity considerations. The integration of advanced inverter controls, predictive AI-based methods, and robust security  

					frameworks collectively addresses the dual challenges of maintaining system stability and ensuring resilient operation in modern  

					and future power networks. These studies establish a strong foundation for the development of holistic, AI-assisted monitoring and  

					damping strategies for low-frequency oscillations in complex power systems.  

					III. Proposed Methodology  

					The proposed methodology introduces a Machine Learning-Assisted Framework for the monitoring and damping control of low-  

					frequency oscillations (LFOs) in power systems. The approach integrates signal processing, data-driven modeling, and adaptive  

					control techniques to achieve real-time detection, prediction, and mitigation of oscillatory behavior. The methodology is designed  

					to operate in four primary stages: data acquisition and preprocessing, feature extraction and modal analysis, machine learning-  

					based oscillation detection and prediction, and adaptive damping control implementation. The overall workflow aims to create an  

					intelligent and automated system capable of enhancing stability under dynamic grid conditions.  

					1. Data Acquisition and Preprocessing: The first stage involves collecting synchronized, high-resolution data from Phasor  

					Measurement Units (PMUs) and Wide Area Measurement Systems (WAMS) deployed across the power network. These devices  

					provide time-synchronized measurements of voltage, current, phase angle, and frequency at various nodes, enabling accurate  

					observation of system dynamics. The raw data acquired from PMUs may contain noise, missing samples, or communication  

					delays, which must be addressed before analysis. A data preprocessing pipeline is developed to perform noise filtering using  

					techniques such as wavelet denoising or low-pass filtering. Missing or corrupted data points are reconstructed using interpolation  

					or data imputation methods. The cleaned and synchronized data is then segmented into time windows suitable for oscillation  

					analysis and machine learning model training.  

					2. Feature Extraction and Modal Analysis: After preprocessing, signal processing techniques are employed to extract  

					meaningful features representing the oscillatory behavior of the system. Features such as frequency deviation, damping  

					ratio, amplitude envelope, and phase difference are computed to capture the system’s dynamic characteristics. Modal analysis  

					methods like Prony analysis, Empirical Mode Decomposition (EMD), and Fast Fourier Transform (FFT) are used to identify  

					dominant oscillation modes and their corresponding frequencies. These extracted features form the input dataset for the machine  

					learning stage. In addition, the system’s operating conditions (generation levels, load variations, and network configurations) are  

					included as auxiliary features to help the ML model learn the contextual dependencies influencing oscillation patterns.  

					3. Machine Learning-Based Oscillation Detection and Prediction: In this stage, machine learning algorithms are employed to  

					identify and predict low-frequency oscillations in real time. A hybrid ML architecture combining Supervised Learning and Deep  

					Learning models is developed for enhanced accuracy and robustness. Initially, classifiers such as Support Vector Machines  

					(SVM) or Random Forests (RF) are trained to distinguish between stable and unstable oscillatory conditions based on labelled  

					historical data. For temporal prediction, a Long Short-Term Memory (LSTM) neural network is implemented to capture the time-  

					dependent relationships and forecast the onset of LFOs before instability occurs. The LSTM network uses sequential data from  

					PMUs to predict future oscillation amplitudes and frequencies. The trained models continuously analyze streaming data from the  

					grid to detect emerging oscillations and estimate their severity. If the predicted damping ratio falls below a predefined threshold,  

					the system triggers the adaptive control mechanism to mitigate instability. The performance of the ML models is evaluated using  

					metrics such as accuracy, precision, recall, and mean absolute error (MAE), ensuring reliable real-time operation.  

					4. Adaptive Damping Control Strategy: The control layer of the proposed framework employs a machine learning-assisted  

					adaptive controller that dynamically adjusts system parameters to suppress detected oscillations. Traditional Power System  

					Stabilizers (PSS) are enhanced using ML models that continuously tune their control gains based on real-time feedback. The  

					adaptive controller uses Reinforcement Learning (RL) techniques, particularly Deep Q-Learning (DQL), to learn optimal  

					damping actions by interacting with the simulated environment. The RL agent receives state information (frequency deviation,  

					rotor angle, and oscillation amplitude) and generates control signals to excitation systems or Flexible AC Transmission System  

					(FACTS) devices. Over time, the controller learns to select actions that maximize system damping while minimizing control  

					effort. Additionally, model predictive control (MPC) can be integrated with the RL-based framework to ensure constraint  

					handling and multi-objective optimization. The control loop continuously updates itself as new data arrives, ensuring adaptability  

					under varying load and generation conditions. This hybrid ML-assisted damping mechanism offers faster response, higher  

					robustness, and improved damping performance compared to conventional fixed-gain controllers.  

					5. System Validation and Performance Evaluation: To validate the proposed methodology, extensive simulations are  

					conducted using MATLAB/Simulink or Dig-SILENT Power Factory on standard IEEE benchmark systems such as the IEEE 14-  

					bus, 39-bus, and New England 10-machine system. Various operating conditions, including load disturbances, line outages, and  
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					generator faults, are simulated to test the system’s resilience and adaptability. The performance of the proposed ML-assisted  

					damping framework is compared with traditional PSS and linear control methods. Key evaluation parameters include oscillation  

					damping ratio, settling time, frequency deviation, and computational efficiency. The results demonstrate significant  

					improvements in oscillation suppression, real-time responsiveness, and stability margin enhancement.  

					IV. Result & Analysis  

					The proposed Machine Learning-Assisted Monitoring and Damping Control Framework for low-frequency oscillations (LFOs) in  

					power systems was implemented and tested through simulation studies conducted on standard IEEE benchmark systems. The  

					experiments were designed to validate the framework’s capability to detect, predict, and mitigate oscillatory behavior under  

					diverse operating conditions. The simulation environment, datasets, and evaluation metrics were carefully defined to ensure  

					reproducibility and objective performance assessment.  

					The proposed Machine Learning-Assisted Monitoring and Damping Control Framework was implemented and tested in a hybrid  

					simulation environment integrating MATLAB/Simulink and Python-based machine learning modules to evaluate its real-time  

					performance and scalability. The simulation studies were conducted on a high-performance workstation equipped with an Intel  

					Core i7 (12th Generation) processor operating at 3.6 GHz, 32 GB of RAM, and a 64-bit Windows 11 operating system. The  

					software environment comprised MATLAB R2023b for dynamic power system modeling, Simulink Power System Toolbox for  

					simulating electromechanical oscillations, and Python 3.10 with TensorFlow 2.11 and Scikit-learn 1.4 for implementing the  

					machine learning models. The communication between MATLAB and Python environments was established using an API-based  

					interface to ensure seamless data exchange for real-time learning and control operations. The simulations were performed with a  

					sampling frequency of 100 Hz and a time step of 0.01 seconds, ensuring sufficient temporal resolution for capturing low-  

					frequency oscillations typically ranging from 0.1 to 2.0 Hz. To assess the robustness and scalability of the proposed framework,  

					experiments were conducted on multiple IEEE standard test systems, including the IEEE 14-bus, IEEE 39-bus (New England  

					System), and IEEE 57-bus networks. These systems provided varying degrees of complexity, interconnectivity, and generator  

					dynamics to comprehensively evaluate the performance of the monitoring and damping control mechanisms. Synthetic Phasor  

					Measurement Unit (PMU) data were generated from the simulated system response to disturbances such as sudden load changes,  

					generator outages, and line trappings. The PMU data provided synchronized measurements of key parameters including bus  

					voltage magnitude, frequency deviation, rotor angle, and active power flow, which served as inputs for both the feature extraction  

					and machine learning modules. Each test scenario was designed to replicate realistic operating conditions and transient events that  

					commonly induce low-frequency oscillations. The framework’s modular design allowed continuous data acquisition,  

					preprocessing, and feature extraction to occur in parallel with machine learning model inference and adaptive control signal  

					generation. For the machine learning component, the models were trained on historical oscillation data and validated using unseen  

					simulation data to ensure generalization capability. A Long Short-Term Memory (LSTM) neural network was implemented for  

					time-series prediction of oscillation trends, while a Reinforcement Learning (RL)-based adaptive controller was deployed to  

					dynamically adjust the damping control parameters. The complete system operated in a closed-loop configuration, where real-  

					time feedback from the power system simulation continuously updated the control actions. This integrated experimental setup  

					provided a realistic and flexible environment for evaluating both the monitoring accuracy and damping efficiency of the proposed  

					approach. The computational performance was analyzed to ensure that the framework operated within real-time constraints, with  

					average processing latency maintained below 50 milliseconds per data window. The results from this setup enabled a detailed  

					analysis of how machine learning-assisted adaptive control can significantly improve oscillation damping, reduce settling time,  

					and enhance the overall stability of modern power systems under dynamic and uncertain operating conditions.  

					1. Machine Learning Model Evaluation: Multiple ML models were trained and tested to evaluate oscillation detection and  

					prediction performance. Among the models—Support Vector Machine (SVM), Random Forest (RF), and Long Short-Term  

					Memory (LSTM)—the LSTM network provided the highest predictive accuracy due to its capability to learn temporal  

					dependencies. TABLE I. compares the performance of three machine learning models—Support Vector Machine (SVM),  

					Random Forest (RF), and Long Short-Term Memory (LSTM)—used for detecting and predicting low-frequency oscillations in  

					power systems Fig. 2. comparing the performance of SVM, Random Forest, and LSTM models for oscillation detection in power  

					systems. Metrics include Accuracy, Precision, Recall, and F1-Score. LSTM shows the highest values in all metrics,  

					demonstrating superior predictive capability.  

					Performance Comparison of Machine Learning Models for Oscillation Detection and Prediction  

					Model  

					SVM  

					Accuracy (%)  

					93.8  

					Precision (%)  

					92.4  

					Recall (%)  

					91.7  

					F1-Score (%)  

					MAE (Hz)  

					0.0075  

					92  

					Random Forest  

					LSTM  

					95.2  

					97.6  

					94.6  

					97.1  

					93.9  

					96.8  

					94.2  

					96.9  

					0.0061  

					0.0043  
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					Fig. 2. Performance Comparison of Machine Learning Models for Oscillation Detection  

					The results demonstrate that the LSTM-based model effectively predicted oscillation trends and amplitude variations, providing  

					early warnings approximately 300–500 ms before instability onset, enabling proactive control actions. Fig. 2. compares the  

					performance of three machine learning models—SVM, Random Forest, and LSTM—across four evaluation metrics: Accuracy,  

					Precision, Recall, and F1-Score. Each model is represented by four grouped bars. LSTM shows the highest values across all  

					metrics, followed by Random Forest, and then SVM, indicating LSTM's superior capability in oscillation detection and  

					prediction.  

					2. Damping Control Performance Analysis: The Reinforcement Learning (RL)-based adaptive controller was evaluated against  

					conventional Power System Stabilizer (PSS) and Proportional-Integral (PI) control methods. The system was subjected to a 5%  

					step load disturbance and a generator outage event to test robustness. Fig. 3. compares three damping control methods—  

					Conventional PSS, PI Controller, and RL-Based Adaptive Control—across five performance metrics: damping ratio, settling  

					time, peak overshoot, frequency deviation, and control effort. The RL-based adaptive control method shows the highest damping  

					ratio, lowest settling time, smallest peak overshoot, and lowest frequency deviation, indicating superior dynamic performance  

					compared to the other two methods.  

					Comparative Analysis of Damping Control Methods under Load Disturbance and Fault Conditions  

					Control  

					Method  

					Damping Ratio  

					Settling Time  

					(Ts in s)  

					Peak Overshoot  

					(Mp %)  

					Frequency  

					Deviation (Hz)  

					Control Effort  

					(Uc)  

					(ζ)  

					Conventional  

					PSS  

					0.12  

					12.6  

					18.5  

					0.42  

					1

					PI Controller  

					0.18  

					0.34  

					10.4  

					6.8  

					15.8  

					8.7  

					0.36  

					0.18  

					0.92  

					0.81  

					RL-Based  

					Adaptive  

					Control  

					Fig. 3. Comparative Analysis of Damping Control Methods Under Load Disturbance and Fault Conditions  
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					The proposed RL-based adaptive damping controller achieved a 65% reduction in settling time and a 50% improvement in  

					damping ratio compared to conventional approaches. TABLE II. presents the performance comparison between conventional  

					Power System Stabilizer (PSS), Proportional-Integral (PI) controller, and the proposed Reinforcement Learning (RL)-based  

					adaptive controller. Fig. 3. comparing Conventional PSS, PI Controller, and RL-Based Adaptive Control for damping low-  

					frequency oscillations. Metrics include Damping Ratio, Settling Time, and Peak Overshoot. RL-Based Adaptive Control achieves  

					the highest damping ratio, lowest settling time, and lowest overshoot, indicating superior stability performance. Additionally,  

					frequency deviation was minimized, indicating improved dynamic response and system stability. The results clearly indicate that  

					integrating machine learning with adaptive control significantly enhances the system’s ability to detect and mitigate low-  

					frequency oscillations. The LSTM model provides superior prediction accuracy, allowing the RL-based controller to take pre-  

					emptive damping actions. The adaptive nature of the controller ensures continuous tuning of control parameters in response to  

					real-time grid dynamics, eliminating the limitations of static gain controllers. Furthermore, the framework demonstrated high  

					scalability and robustness when applied to larger IEEE test systems. Even under varying load and renewable generation  

					conditions, the model maintained stable damping performance without additional retraining, highlighting its adaptability.  

					Computational efficiency tests confirmed that the proposed system operates within real-time constraints, with an average  

					processing latency of less than 50 ms per data window, ensuring suitability for wide-area control deployment.  

					V. Conclusion  

					This paper presented a machine learning-assisted framework for the monitoring and damping control of low-frequency  

					oscillations in power systems, integrating real-time data acquisition, signal processing, predictive modeling, and adaptive control.  

					The proposed approach effectively leverages LSTM networks for accurate oscillation detection and prediction, while a  

					reinforcement learning-based adaptive controller dynamically optimizes damping performance under varying operating  

					conditions. Simulation studies on standard IEEE test systems demonstrated significant improvements in key performance metrics,  

					including damping ratio, settling time, peak overshoot, and frequency deviation, compared to conventional PSS and PI  

					controllers. The results highlight the framework’s ability to provide real-time, scalable, and robust oscillation mitigation, ensuring  

					enhanced system stability even in highly dynamic and uncertain grid environments. Overall, the study confirms that the  

					integration of machine learning with adaptive control offers a promising and practical solution for next-generation smart grids,  

					enabling resilient, self-regulating, and intelligent power system operation.  
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