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Abstract: Wireless Sensor Networks, also known as WSNs, have emerged as an indispensable element 

in a wide range of contemporary applications, such as healthcare, environmental monitoring, industrial 

automation, and smart city infrastructures. Nevertheless, network performance, dependability, and data 

integrity can be negatively impacted by node failures, communication mistakes, packet loss, and sensor 

malfunctions. By combining deep learning and machine learning approaches, this study offers an AI-

based framework for WSN fault diagnosis, which improves problem identification and categorisation. 

A number of network defects can be efficiently identified using the suggested methodology, which 

includes data pretreatment, feature extraction, model creation, and comparative performance 

evaluation. The results show that by efficiently learning complicated patterns from sensor data, AI-

based systems deliver problem diagnosis that is more accurate, adaptive, and dependable than 

traditional methods Furthermore, feature engineering and data preprocessing significantly improve 

classification performance and reduce misclassification rates. The proposed framework supports real-

time fault monitoring, predictive maintenance, and intelligent decision-making, thereby enhancing 

network reliability, operational efficiency, and system resilience. The study demonstrates that AI-

driven fault diagnosis offers a scalable and efficient solution for developing robust and dependable 

Wireless Sensor Networks in dynamic and resource-constrained environments. 

Keywords: Wireless Sensor Networks; Artificial Intelligence; Fault Diagnosis; Machine Learning; 
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1. INTRODUCTION 

In recent years, WSNs have become an essential tool for a wide range of real-world 

applications, including healthcare, smart agriculture, industrial automation, environmental 

monitoring, smart cities, and military surveillance. The many sensor nodes that make up a 

WSN work together to gather data, process it, and send it on to a main base station. Despite 

their extensive use, WSNs are prone to a number of problems, such as malfunctioning nodes, 

broken connections, lost packets, running out of power, faulty sensors, and software or 

hardware mistakes. When these problems occur, the network's performance, data 

dependability, energy consumption, and general stability and efficiency can all take a hit. 
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Conventional approaches to fault identification mostly include statistical analysis, threshold-

based monitoring, and rule-based procedures. While these methods work well for simple fault 

detection, they frequently fail to spot complicated, dynamic, and time-dependent fault patterns 

in WSNs on a wide scale. In addition, traditional approaches sometimes fail to adjust to 

evolving network conditions, leading to slowed fault detection, higher false alarm rates, and 

less accurate diagnostics. Intelligent fault diagnostic methods that can provide accurate, 

adaptable, and real-time fault detection are in high demand due to the rising complexity of 

contemporary sensor networks. 

Due to the ability to automatically analyse massive amounts of sensor data, recent 

developments in AI, especially ML and DL, have revolutionised fault diagnosis in WSNs. AI-

powered models have the remarkable ability to understand intricate spatial and temporal 

relationships, correctly identify various sorts of faults, and anticipate impending problems in 

the network before they impact its performance. Classification performance has been well-

exhibited by machine learning algorithms like Support Vector Machine (SVM), Random 

Forest (RF), and K-Nearest Neighbours (KNN). On the other hand, deep learning models like 

CNN, RNN, and LSTM networks are more adept at representing sequential sensor data and 

capturing long-term temporal dependencies. These methods boost operational efficiency and 

network dependability by making fault detection more accurate, decreasing false alarms, and 

facilitating predictive maintenance. 

Using a combination of DL and ML, this research suggests a paradigm for AI-based defect 

diagnostics in Wireless Sensor Networks. To facilitate real-time network monitoring and 

enhance diagnostic accuracy, the suggested method makes use of data preprocessing, feature 

engineering, and intelligent classification models. To find out how well both conventional and 

AI-based methods work, we compare and contrast their precision, computing efficiency, 

scalability, and capacity to pinpoint where problems are. This study's results aid in the creation 

of Wireless Sensor Networks that are dependable, scalable, and energy-efficient, and also shed 

light on how artificial intelligence can be used for intelligent problem diagnostics. 

2. RESEARCH OBJECTIVES 

1. To identify and classify the different types of faults occurring in Wireless Sensor 

Networks (WSNs), and evaluate their impact on network performance, data reliability, 

and system stability. 
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2. To analyze and compare existing artificial intelligence (AI) techniques used in fault 

detection and diagnosis in WSNs, focusing on their accuracy, scalability, and real-time 

applicability. 

3. To develop and implement AI-based models for effective fault detection and diagnosis 

in WSNs, with an emphasis on enhancing system resilience, data integrity, and 

predictive maintenance capabilities. 

4. To perform a comparative analysis between traditional fault diagnosis methods and AI-

based approaches in WSNs, highlighting improvements in fault detection accuracy, 

fault localization speed, energy efficiency, and overall network robustness. 

3. RESEARCH METHODOLOGY 

This research presents a framework for Wireless Sensor Networks (WSNs) fault diagnosis that 

uses AI to enhance network reliability and the accuracy of fault detection through the 

integration of DL and ML protocols. Gathering data, cleaning it up, extracting features, 

building a model, testing it, and comparing results are the six main steps of the methodology. 

Using sophisticated predictive models, the workflow was developed to discover and classify 

common WSN issues, such as node failure, packet loss, communication errors, energy 

depletion, and sensor defects.  

To begin, models were developed and tested on a simulated WSN dataset that included both 

healthy and unhealthy network states. Preprocessing methods were utilised to enhance the 

quality of the data, as raw sensor data frequently includes noise, missing values, and 

inconsistencies. These methods included data cleaning, normalisation, and management of 

missing values. Packet delivery ratio, throughput, signal strength, communication delay, and 

node energy consumption were among the network properties that were subsequently 

extracted through feature engineering. These elements improved the models' capacity to 

differentiate between typical and abnormal settings and gave meaningful depictions of 

network behaviour. 

Machine learning algorithms Support Vector Machine (SVM), Random Forest (RF), and K-

Nearest Neighbours (KNN) were trained on the processed dataset. Three deep learning models, 

namely CNN, RNN, and LSTM, were also trained on the dataset. The baseline classification 

performance was established using machine learning models, and defect diagnosis was 
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improved by capturing complicated spatial and temporal correlations in sensor data using deep 

learning models. In order to improve the model's performance and decrease overfitting, 

optimisation and hyperparameter tuning were utilised.  

We used confusion matrix analysis to measure classification reliability and conventional 

metrics for classification, including accuracy, precision, recall, and F1-score, to measure the 

model's performance. To conclude, the effectiveness of the proposed LSTM-based framework 

for intelligent fault diagnosis in WSNs was evaluated by comparing it to existing 

methodologies. Wireless sensor networks can benefit from the methodology's methodical 

framework for building scalable, real-time AI-based fault diagnosis systems that are accurate, 

efficient, and able to increase network reliability.  

4. RESULTS AND DISCUSSION 

The proposed AI-based architecture for WSN defect diagnostics was tested using a variety of 

ML and DL models, including SVM, Random Forest, KNN, CNN, RNN, and LSTM. Node 

failure, packet loss, communication errors, energy depletion, and sensor failures were some of 

the simulated WSN faults used to evaluate performance. Accuracy, precision, recall, F1-score, 

and confusion matrices were also employed. Classification accuracy was greatly enhanced by 

data cleansing, feature extraction, and model fine-tuning. Due to its resilience and capacity to 

manage nonlinear data, Random Forest outperformed the other machine learning models; 

SVM came in second, while KNN performed rather poorly on big datasets. Deep learning 

models demonstrated superior fault detection capabilities, with LSTM producing the highest 

accuracy by effectively capturing long-term temporal dependencies in sensor data. CNN 

performed well in spatial feature extraction, whereas RNN effectively modeled sequential 

patterns. 

The results confirm that AI-based methods outperform conventional fault detection techniques 

by providing higher detection accuracy, better adaptability, and improved reliability. Although 

deep learning models require greater computational resources, their superior performance 

makes them suitable for large-scale and dynamic WSN applications. The study also suggests 

that hybrid AI approaches combining ML and DL can provide an optimal balance between 

accuracy, computational efficiency, & real-time fault diagnosis. 
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Performance Analysis 

Performance analysis showed that all AI models successfully detected and classified various 

WSN faults. Random Forest was the best-performing machine learning algorithm because of 

its robustness and high classification accuracy, while SVM performed well for binary 

classification. KNN showed lower performance due to its sensitivity to noise and higher 

computational cost. Among deep learning models, CNN effectively extracted spatial features, 

RNN captured sequential dependencies, and LSTM achieved the highest performance by 

learning long-term temporal patterns in sensor data. Overall, deep learning models 

outperformed traditional ML methods in complex fault scenarios. The findings demonstrate 

that AI-based fault diagnosis significantly improves network reliability, fault detection 

accuracy, and operational efficiency. Furthermore, effective data preprocessing, feature 

engineering, and model optimization were found to be essential for achieving high-

performance and scalable fault diagnosis in Wireless Sensor Networks. 

Machine Learning Models 

There are significant disparities in the classification performance, resilience, and suitability 

for real-time network monitoring when comparing machine learning models for defect 

diagnosis in Wireless Sensor Networks (WSNs). The accuracy, precision, recall, and F1-score 

were used to evaluate three popular machine learning algorithms: SVM, RF, and KNN. 

Random Forest outperformed all of the other models in terms of overall performance, with 

scores of 94.9% for F1-score, 95.6% for accuracy, and 95.1% for precision. The ensemble 

learning method it employs improves prediction accuracy, reduces overfitting, and efficiently 

deals with nonlinear and noisy sensor data by combining numerous decision trees. These 

characteristics make Random Forest highly suitable for detecting faults such as node failures, 

packet loss, and communication disruptions in dynamic WSN environments. 

Table 1  Performance of Machine Learning Models 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

SVM 91.2 90.5 89.8 90.1 
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Random 

Forest 

95.6 95.1 94.8 94.9 

KNN 88.3 87.6 86.9 87.2 

 

Additionally, the SVM proved to be quite capable in classification, with scores of 90.1% for 

F1-score, 89.8% for recall, 90.5% for precision, and 91.2% for accuracy. By determining the 

best decision limits, SVM efficiently distinguishes between healthy and unhealthy network 

circumstances. Its adaptability is limited in large-scale, dynamic sensor networks, 

nevertheless, because its performance drops marginally when dealing with extremely 

complicated and nonlinear information. With an F1-score of 87.2%, an accuracy of 88.3%, a 

precision of 87.6%, and recall of 86.9%, K-Nearest Neighbours (KNN) performed the worst 

of the three models. When it comes to prediction, KNN is computationally expensive and 

extremely vulnerable to noise and irrelevant characteristics, but it's easy to apply and produces 

good classification results for smaller datasets. Due to these restrictions, it is not as useful for 

diagnosing faults in WSNs in real time. These results were subsequently validated by 

confusion matrix analysis. Random Forest produced the highest number of correctly classified 

instances with the fewest false positives and false negatives, indicating superior predictive 

reliability. SVM also showed balanced classification performance, whereas KNN exhibited 

relatively higher misclassification rates. 

 

Figure 1: SVM Confusion Matrix 
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Figure 2: Random Forest Confusion Matrix 

 

 

Figure 3: KNN Confusion Matrix 

Overall, the comparative analysis demonstrates that RF is the most effective machine learning 

model for fault diagnosis in Wireless Sensor Networks, offering the highest classification 

accuracy, robustness, and generalization capability. When it comes to intelligent defect 

identification in complicated and ever-changing WSN environments, ensemble-based 

approaches like Random Forest are superior than SVM's dependable performance on 

structured datasets and KNN's basic baseline approach. These results highlight the significance 

of picking the right machine learning methods to boost fault management system efficiency, 

decrease downtime, and increase network dependability. 
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Deep Learning Model Performance Analysis 

In order to determine how well deep learning models operate for WSN fault diagnostics, their 

performance was tested. We examined three popular architectures, CNN, RNN, and LSTM, 

using traditional assessment measures like F1-score, recall, accuracy, and precision. The 

results show that DL models outperform traditional ML methods in classification tasks, 

especially when dealing with time-dependent and sequential sensor data. 

Table 2 Performance of Deep Learning Models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

CNN 96.8  96.2 95.9 96.0 

RNN 94.5 93.9 93.5 93.7 

LSTM 97.9 97.4 97.1 97.2 

 

 

Figure 4: Performance of Deep Learning Models 

Overall, LSTM performed the best of the models that were tested, with a 97.9% accuracy rate, 

97.4% precision, 97.1% recall, and 97.2% F1-score. The memory cell architecture successfully 

records complicated failure patterns and long-term temporal relationships in sensor data, 

which is the reason for its better performance. Because of this feature, LSTM can reliably 

differentiate between healthy and unhealthy network circumstances, making it an excellent 

choice for intelligent network monitoring and real-time problem prediction. The CNN model 
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also demonstrated excellent classification capability, achieving 96.8% accuracy, 96.2% 

precision, 95.9% recall, and a 96.0% F1-score. CNN effectively extracts spatial features from 

sensor readings and identifies localized anomalies, making it a reliable model for fault 

detection in WSNs. Although originally designed for image processing, its feature extraction 

capability proved beneficial for identifying complex patterns in sensor datasets. The RNN 

model recorded an accuracy of 94.5%, precision of 93.9%, recall of 93.5%, and an F1-score 

of 93.7%. While RNN successfully captured sequential relationships in the data, its 

performance was slightly lower than CNN and LSTM due to limitations in retaining long-term 

dependencies, which affected its ability to recognize complex fault patterns over extended time 

sequences. 

Confusion matrix analysis further validated the performance of all three models. LSTM 

produced the highest number of correctly classified fault and non-fault instances while 

maintaining the fewest false positives & false negatives, confirming its robustness and 

reliability. CNN also achieved high classification accuracy with minimal misclassification, 

whereas RNN showed comparatively higher error rates but remained effective for sequential 

fault detection. 

 

Figure 5: CNN Confusion Matrix 
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Figure 6: RNN Confusion Matrix 

 

Figure 7: LSTM Confusion Matrix 

In conclusion, the results show that defect diagnosis in Wireless Sensor Networks is much 

more accurate and dependable when using deep learning models. Intelligent and large-scale 

WSN applications benefit greatly from these models' capacity to learn complicated spatial and 

temporal variables, despite the fact that they demand more computer resources and training 

times than conventional machine learning techniques. Among the evaluated models, LSTM 

emerged as the most effective approach, offering the best balance of predictive accuracy, 

robustness, and fault detection capability for real-time wireless sensor network monitoring. 



 Journal of Advances in Science and Technology 
Vol.23, Issue No. 2 June-2026, ISSN 2230-9659 

 

 

Narendra Singh Dangi, Dr. Arpana Chourasia, Veerendra Kumar Sen www.ignited.in 267 

5. COMPARATIVE ANALYSIS 

The efficacy of various Wireless Sensor Network (WSN) defect diagnosis algorithms was 

assessed by a comparative analysis. Using classification accuracy as the main assessment 

criterion, the study compared the new LSTM-based framework to the existing LSTM and 

XGBoost models. By efficiently learning complicated temporal patterns and enhancing 

classification reliability, the findings show that the suggested model offers better defect 

detection capability. By processing sequential sensor data and identifying time-dependent fault 

patterns, the traditional LSTM model attained an accuracy of 81.7%.  However, its 

performance was limited in dynamic and noisy WSN environments, reducing its ability to 

generalize across diverse fault scenarios. In contrast, the XGBoost model achieved a 

significantly higher accuracy of 95.0% due to its ensemble learning mechanism, which 

effectively handles nonlinear data, reduces overfitting, and improves classification stability. 

Despite its strong predictive capability, XGBoost does not efficiently capture long-term 

temporal dependencies that are essential for analyzing continuous sensor data streams. The 

proposed LSTM-based model outperformed both existing approaches by achieving an 

accuracy of 97.9%. The improved performance is attributed to enhanced data preprocessing, 

optimized model architecture, effective feature representation, and better learning of temporal 

dependencies. These improvements enabled the model to reduce false classifications, improve 

fault detection accuracy, and provide more consistent predictions under varying network 

conditions. 

Table 3: Performance Comparison of Existing and Proposed WSN Fault Detection 

Models 

Models  Accuracy 

%S 

References 

LSTM 81.7 [140] 

XGBoost 95 [141] 

Proposed model 

LSTM 

97.9 ---------- 
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Figure 8: Performance Comparison of Existing and Proposed WSN Fault Detection 

Models 

When compared to standalone LSTM and XGBoost models, the suggested LSTM framework 

provides a more stable and extensible answer to the problem of WSN failure diagnosis. It is 

ideal for intelligent network monitoring and real-time defect identification because to its 

increased accuracy and resilience. The results also show that WSN defect diagnostic systems 

can be much more efficient, reliable, and perform better overall when using optimised training 

methodologies in conjunction with cutting-edge deep learning methods.  

6. CONCLUSION  

This study demonstrates that Artificial Intelligence (AI) provides an effective and reliable 

solution for fault diagnosis in WSNs. By integrating ML and DL techniques, the proposed 

framework successfully detects and classifies various network faults, improving diagnostic 

accuracy, network reliability, and operational efficiency. The incorporation of data 

preprocessing and feature engineering further enhances model performance by reducing noise, 

improving feature representation, and minimizing misclassification. When compared to more 

traditional techniques of fault diagnosis, AI-based systems excel in areas such as scalability, 

real-time fault identification, and adaptability. Deep learning models show superior capability 

in learning complex spatial and temporal patterns, while machine learning algorithms offer 

computational efficiency for resource-constrained environments. Overall, the proposed 
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framework supports intelligent network monitoring, predictive maintenance, and timely fault 

identification, thereby reducing network downtime and maintenance costs. The results show 

that AI-driven fault detection is a strong and scalable method for creating smart Wireless 

Sensor Networks that can handle the load of contemporary real-time applications.  

7. FUTURE SCOPE 

Artificial intelligence models for resource-constrained WSN can be developed with a focus on 

lightweight and energy-efficient algorithms in future research. Make better decisions and 

diagnose problems in real time with the help of Explainable AI (XAI), the IoT, and Edge 

Computing. Network dependability, scalability, and robustness can be further improved by 

investigating hybrid deep learning models and proving the suggested framework on large-scale 

real-world deployments. 
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