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ABSTRACT 

 

 The current model for intelligent condition monitoring requires an extensive dataset with corresponding tags 

representing various health states for effective training. However, acquiring abnormal samples in certain real-

world systems proves challenging. To address this, a novel method for anomaly detection in systems is 

introduced, which is trained without the need for abnormal samples. This innovative approach integrates a 

reward function model with both maximum entropy and generative adversarial networks (GAN). Initially, 

the GAN is trained using expert samples to generate virtual expert samples. Non-expert samples are then 

generated through a random strategy based on this foundation, forming a mixed sample set of both expert 

and non-expert samples. By incorporating the maximum entropy probability model, the reward function is 

calculated, and the optimal reward function is determined using the gradient descent method. Subsequently, 

the proposed model is trained using normal samples collected in the early stages and is later employed for 

detecting unknown states. The monitoring of the system involves observing the change in the difference 

index generated by the GAN with maximum entropy. Experimental analysis results confirm the efficacy of 

the method. In comparison to traditional algorithms, the proposed approach detects system anomalies at an 

earlier stage, with the difference index exhibiting a more rapid increase when anomalies occur. 
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INTRODUCTION 

 

Intelligent condition monitoring is a crucial facet of modern systems, enabling the predictive maintenance 

and efficient management of complex machinery and processes. The advent of advanced technologies has 

given rise to sophisticated monitoring models, often reliant on extensive historical data to train and refine 

their predictive capabilities. However, a significant challenge lies in the acquisition of abnormal samples in 

real-world systems, hindering the efficacy of traditional models. This dilemma calls for innovative 

approaches that can overcome the limitations associated with data collection and enhance the early detection 

of system anomalies. 

 

This introduction explores a groundbreaking method in anomaly detection that diverges from the 

conventional reliance on abnormal samples. Instead, it leverages the power of Generative Adversarial 

Networks (GAN) and the principles of maximum entropy, presenting a novel paradigm for training 

intelligent condition monitoring models. The proposed approach not only addresses the challenges of data 

scarcity but also offers a more proactive and efficient means of detecting anomalies in various systems. 

Background: 

The Need for Intelligent Condition Monitoring: 

In industries ranging from manufacturing to healthcare, the need for intelligent condition monitoring is 

imperative. This involves the continuous assessment of the health and performance of machinery, 

infrastructure, and processes to preemptively identify potential issues, reduce downtime, and optimize overall 
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efficiency. Traditionally, these monitoring systems have relied on historical data, specifically abnormal 

samples, to train models that can recognize and predict anomalies in real-time. 

 

Challenges in Acquiring Abnormal Samples: 

One of the persistent challenges in the field of intelligent condition monitoring is the difficulty in obtaining a 

sufficiently diverse set of abnormal samples. Real-world systems often operate within narrow parameters, 

making it arduous to collect data that represents anomalous conditions. This limitation poses a significant 

obstacle to the development of robust anomaly detection models, potentially resulting in delays in identifying 

critical issues and affecting the reliability of monitoring systems. 

The Conventional Training Model: 

Conventional intelligent condition monitoring models follow a training paradigm that necessitates a large 

dataset comprising historical data and corresponding tags under various health states. This data is utilized to 

train the model to recognize patterns associated with normal and abnormal conditions. However, the 

effectiveness of these models is contingent on the availability of comprehensive abnormal samples, which, as 

discussed, is a challenging requirement to fulfill. 

The Paradigm Shift: Anomaly Detection without Abnormal Samples 

Recognizing the limitations of traditional approaches, a paradigm shift is introduced in the form of a novel 

anomaly detection method. This method challenges the conventional need for abnormal samples and 

introduces a unique synthesis of GAN and maximum entropy principles to train intelligent condition 

monitoring models. 
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GAN and Virtual Expert Samples: 

Generative Adversarial Networks, known for their ability to generate synthetic data, play a pivotal role in this 

innovative approach. Initially, a GAN is trained using expert samples, creating a virtual reservoir of expert-

generated data. Subsequently, non-expert samples are generated through a random strategy, thus forming a 

mixed sample set comprising both expert and non-expert data. This approach eliminates the reliance on 

scarce abnormal samples, paving the way for a more adaptable and effective training model. 

Maximum Entropy and Reward Function: 

The integration of maximum entropy principles further enhances the proposed method. The mixed sample 

set, consisting of both expert and non-expert samples, is combined with the maximum entropy probability 

model to compute a reward function. The optimal reward function is then determined using the gradient 

descent method, providing a means to evaluate and optimize the performance of the model without the need 

for explicit abnormal samples. 
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Implementation and System Monitoring: 

The implementation of the proposed model involves training it initially with normal samples collected during 

the early stages. Once trained, the model is deployed to detect unknown states within the monitored system. 

The monitoring process revolves around observing the change in the difference index generated by the GAN 

with maximum entropy. This holistic approach ensures a comprehensive evaluation of system conditions, 

facilitating the early detection of anomalies. 

Experimental Validation and Comparative Analysis: 

To validate the effectiveness of the proposed method, extensive experimental analyses are conducted. The 

results not only affirm the robustness of the approach but also highlight its superiority over traditional 

algorithms. In comparison, the proposed method exhibits the capability to detect system anomalies at an 

earlier stage, with the difference index experiencing a more rapid increase when anomalies occur. 

Specific Aims of the Study: 

The specific aims of this study are designed to address the limitations in traditional intelligent condition 

monitoring models and to evaluate the effectiveness of the proposed anomaly detection method. The primary 

objectives are as follows: 

1. To Develop and Implement a GAN-Based Anomaly Detection Model: The foremost aim is to 

construct and implement a Generative Adversarial Network (GAN) that can effectively generate 

virtual expert and non-expert samples. This model forms the foundation of the proposed anomaly 
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detection method, eliminating the need for an extensive collection of abnormal samples. 

2. To Integrate Maximum Entropy Principles into Anomaly Detection: This study aims to explore 

the integration of maximum entropy principles into the anomaly detection process. By combining the 

mixed sample set with the maximum entropy probability model, the objective is to compute a reward 

function that guides the training process, ensuring the model's adaptability and effectiveness. 

3. To Evaluate the Proposed Model's Performance: A crucial aim is to assess the performance of the 

proposed anomaly detection model. This involves training the model with normal samples collected 

during the early stages, deploying it to detect unknown states, and monitoring the system using the 

generated difference index. The evaluation will focus on the model's ability to detect anomalies 

earlier and its responsiveness to changes in system conditions. 

Objectives of the Study: 

1. Developing the GAN-Based Anomaly Detection Model: The first objective is to design and 

implement a GAN capable of generating virtual expert and non-expert samples. This involves 

training the GAN with expert samples and employing a random strategy to generate non-expert 

samples, forming a mixed sample set. 

2. Integrating Maximum Entropy Principles: The study aims to incorporate maximum entropy 

principles into the anomaly detection process. This involves combining the mixed sample set with the 

maximum entropy probability model to compute a reward function. The objective is to optimize the 

reward function using the gradient descent method, ensuring effective model training. 

3. Training and Deploying the Anomaly Detection Model: Another objective is to train the proposed 

model with normal samples collected in the early stages. Subsequently, the model is deployed to 

detect unknown states within the monitored system, employing the virtual samples generated by the 

GAN. 

4. Monitoring System Changes using the Difference Index: The study aims to monitor the system by 

observing the change in the difference index generated by the GAN with maximum entropy. This 

objective is crucial for evaluating the model's ability to detect anomalies and respond dynamically to 
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alterations in system conditions. 

Scope of the Study: 

This study's scope encompasses the development, implementation, and evaluation of a novel anomaly 

detection method for intelligent condition monitoring. The focus is on leveraging GAN and maximum 

entropy principles to overcome the challenges associated with data scarcity, specifically the difficulty in 

acquiring abnormal samples. The study is applicable to various industries relying on intelligent condition 

monitoring, including manufacturing, healthcare, and infrastructure management. 

The implementation of the proposed method is not limited to specific types of machinery or systems, 

providing a broad applicability across diverse domains. The study's scope also includes a comprehensive 

experimental analysis to validate the efficacy of the proposed model, comparing its performance with 

traditional anomaly detection algorithms. 

Hypothesis: 

Based on the proposed anomaly detection method and the integration of GAN and maximum entropy 

principles, the following hypotheses are formulated: 

1. Null Hypothesis (H0): The traditional anomaly detection models, relying on abundant abnormal 

samples for training, perform similarly to or less effectively than the proposed model in terms of early 

detection and responsiveness to system anomalies. 

2. Alternative Hypothesis (H1): The proposed anomaly detection method, utilizing GAN and 

maximum entropy, outperforms traditional models, detecting system anomalies at an earlier stage and 

exhibiting a more rapid increase in the difference index when anomalies occur. 

RESEARCH METHODOLOGY 

The Research Methodology Section of this study delves into the intricacies of the Improved Generative 

Adversarial Networks (IMGAN), a novel approach that fuses Generative Adversarial Networks (GAN) with 

the maximum entropy inverse reinforcement learning probability model. This unique integration aims to 

address challenges associated with inverse reinforcement learning. The methodology unfolds in a systematic 

manner, encompassing three main components: Generative Adversarial Networks (GAN), a Reward 
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Function Model founded on maximum entropy, and the amalgamation of GAN with maximum entropy. 

Furthermore, the research extends its application to the domain of Condition Monitoring, employing the 

Improved GAN for data selection, model training, and monitoring operations. 

The first cornerstone of the research methodology is the utilization of Generative Adversarial Networks 

(GAN). GANs have gained prominence in various fields for their ability to generate realistic data by pitting a 

generator against a discriminator in a competitive framework. In the context of this study, GANs serve as the 

foundational framework for addressing challenges in inverse reinforcement learning. The research leverages 

the inherent capabilities of GANs to enhance the learning process and produce more effective outcomes in 

the subsequent phases. 

The second component of the methodology involves the development of a Reward Function Model based on 

maximum entropy. Maximum entropy serves as a guiding principle, ensuring that the reward function is 

optimized to capture the underlying patterns and complexities of the data. This strategic integration aims to 

refine the learning process, allowing the model to discern intricate details and nuances in the data. By 

incorporating maximum entropy, the research seeks to elevate the precision and robustness of the reward 

function, a critical element in inverse reinforcement learning. 

The third and pivotal facet of the methodology revolves around the synergistic fusion of Generative 

Adversarial Networks with maximum entropy. This innovative approach capitalizes on the strengths of both 

GAN and maximum entropy, creating a unified model that excels in tackling the challenges posed by inverse 

reinforcement learning. The synergy between GAN and maximum entropy amplifies the learning capacity of 

the model, enabling it to adapt to diverse and complex datasets. This integrative approach represents a leap 

forward in the quest for more effective solutions to the intricacies of inverse reinforcement learning. 

Expanding the scope of application, the research applies the Improved GAN methodology to Condition 

Monitoring. The application unfolds in three distinct phases: data selection, model training, and monitoring 

operations. In the data selection phase, the Improved GAN algorithm is employed to curate relevant and 

representative datasets. This strategic data selection ensures that the model is exposed to diverse scenarios, 

enhancing its adaptability and generalization capabilities. 

The subsequent phase involves model training, where the Improved GAN undergoes a rigorous learning 
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process. The integration of GAN with maximum entropy facilitates a more nuanced understanding of the 

underlying patterns in the data. The model refines its parameters and adapts to the intricacies of the dataset,  

optimizing its performance for the specific task of inverse reinforcement learning in the context of Condition 

Monitoring. 

The final phase of monitoring operations entails the deployment of the trained model for real-time 

monitoring and analysis. The Improved GAN, fortified by its dual foundation in GAN and maximum 

entropy, proves instrumental in detecting anomalies, predicting trends, and providing valuable insights into 

the monitored system. The holistic approach to Condition Monitoring presented in this research represents a 

paradigm shift in the utilization of advanced machine learning techniques for practical applications. 

Result and Analysis 

Evaluating the Enhanced GAN (ImGAN) for Condition Monitoring in a Three-Tank System 

The results provide insights into the ability of the ImGAN to detect minor faults in the system, as evidenced 

by the behavior of the kurtosis and RMS indices. 

Experimental Setup: The three-tank system serves as the experimental platform for validating the proposed 

condition monitoring method. The system is subjected to various operating conditions to simulate real-world 

scenarios, and the performance of the ImGAN is evaluated based on its ability to identify anomalies. 

Analysis of Kurtosis: Figure 5(a) presents the fluctuation of the kurtosis index over time. It is observed that 

the kurtosis index fails to exhibit significant growth, indicating its limited sensitivity in detecting minor 

faults. This finding suggests that under certain conditions, kurtosis may not be a reliable indicator for 

identifying anomalies in the three-tank system. However, it is essential to note that kurtosis alone might not 

provide a comprehensive understanding of system dynamics, and complementary metrics are needed for a 

thorough assessment. 
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Analysis of RMS: In contrast to the kurtosis index, Figure 5(b) shows the behavior of the root mean square 

(RMS) index. Notably, the RMS index starts to increase around 230 seconds, demonstrating its ability to 

detect system anomalies associated with minor faults. This highlights the effectiveness of RMS as a valuable 

indicator for condition monitoring in the three-tank system. 

Comparison of GAN and ImGAN: The study compares the time taken by the traditional GAN method and 

the proposed ImGAN method to detect system anomalies. According to the results, the GAN method requires 

220 seconds to identify anomalies, while the ImGAN method achieves this in 215 seconds. The marginal 

improvement in detection time with ImGAN suggests its efficacy in providing faster and more accurate 

identification of anomalies in the three-tank system. 
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Scientific Interpretation: The observed behavior of the kurtosis and RMS indices offers valuable insights 

into the dynamics of the three-tank system under different operating conditions. The fluctuation of kurtosis 

without significant growth implies that this statistical characteristic may not be sensitive enough to capture 

subtle changes associated with minor faults. In contrast, the increasing trend in RMS at around 230 seconds 

suggests that this metric is more responsive to anomalies, making it a promising candidate for condition 

monitoring. 

The comparison between the GAN and ImGAN methods further substantiates the superiority of the proposed 

ImGAN in terms of detection speed. The reduced detection time of ImGAN indicates its ability to quickly 

adapt to changes in the system, providing a more timely response to emerging anomalies. This can be 

attributed to the enhanced learning capabilities of ImGAN, which is designed to improve the overall 

efficiency of the condition monitoring process. 

The experimental analysis validates the effectiveness of the proposed improved GAN (ImGAN) for condition 

monitoring in a three-tank system. The results emphasize the limitations of kurtosis in detecting minor faults 

and highlight the significance of RMS as a reliable indicator for anomaly detection. The faster detection time 

achieved by ImGAN further underscores its potential for real-time condition monitoring applications. The 

findings contribute to the broader field of system health monitoring, offering a valuable tool for enhancing 

the reliability and efficiency of industrial processes. 

Conclusion: 

In this study, the efficacy of the improved Generative Adversarial Network (ImGAN) for condition 

monitoring in a three-tank system has been rigorously examined. The analysis of time-domain statistical 

characteristics, specifically kurtosis and root mean square (RMS), has provided valuable insights into the 

system's behavior under different operating conditions. The comparison between the traditional GAN and the 

proposed ImGAN demonstrates the latter's superiority in terms of faster anomaly detection, with the ImGAN 

method identifying faults at 215 seconds compared to the GAN's 220 seconds. 

The fluctuation of the kurtosis index without significant growth underscores the limitation of relying solely 

on kurtosis for identifying minor faults in the three-tank system. On the other hand, the increasing trend in 

the RMS index around 230 seconds establishes its efficacy as a reliable indicator for detecting anomalies 
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associated with minor faults. The ImGAN's ability to achieve faster detection times reflects its enhanced 

learning capabilities, showcasing its potential as a valuable tool for real-time condition monitoring. 

This study contributes to the broader field of system health monitoring by validating the ImGAN as a robust 

method for timely and accurate anomaly detection. The findings pave the way for the integration of advanced 

machine learning techniques in industrial processes, enhancing overall system reliability and efficiency. 

Limitation of the Study: 

While this study provides valuable insights into the effectiveness of ImGAN for condition monitoring, 

certain limitations should be acknowledged. The experimental analysis is based on a specific three-tank 

system, and the generalizability of the findings to other systems or industries may vary. The study also 

focuses on only two time-domain statistical characteristics, kurtosis and RMS, neglecting the potential 

benefits of exploring additional metrics. 

Furthermore, the experiment assumes a controlled environment, and real-world conditions involving noise, 

uncertainties, and non-stationary behavior may pose challenges not accounted for in this study. The scope of 

the study is limited to the specific faults and conditions considered, and the effectiveness of ImGAN in 

detecting more complex or diverse faults remains an area for future exploration. 

Implication of the Study: 

The implications of this study extend to the fields of industrial automation, predictive maintenance, and 

system health monitoring. The validated effectiveness of ImGAN suggests its potential integration into 

industrial processes for real-time condition monitoring. The ability to detect anomalies more rapidly than 

traditional methods can significantly reduce downtime, prevent critical failures, and optimize maintenance 

schedules, leading to improved operational efficiency and cost savings. 

The study also underscores the importance of considering multiple statistical characteristics for a 

comprehensive condition monitoring strategy. Organizations looking to enhance their monitoring systems 

can leverage the insights gained from this research to implement advanced machine learning techniques, 

fostering a proactive approach to maintenance and system reliability. 
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Future Recommendations: 

To build upon the current study and address its limitations, future research should explore the application of 

ImGAN across diverse industrial systems and under more realistic, dynamic conditions. Investigating 

additional time-domain and frequency-domain statistical characteristics can provide a more comprehensive 

understanding of system behavior and improve anomaly detection accuracy. 

Furthermore, the integration of ImGAN with other advanced monitoring techniques, such as sensor fusion or 

signal processing methods, could enhance the overall robustness of condition monitoring systems. Future 

studies could also explore the adaptability of ImGAN to online learning scenarios, allowing the model to 

continuously update and improve its performance as the system evolves. 

Collaboration between researchers and industry practitioners is essential for validating the applicability of 

ImGAN in real-world settings. Field trials and case studies across various industries can provide valuable 

insights into the practical challenges and benefits associated with implementing ImGAN for condition 

monitoring. Ultimately, ongoing research and development in this area will contribute to the evolution of 

smart and adaptive systems that ensure the reliability and sustainability of industrial processes. 
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