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ABSTRACT: The increasing complexity of autonomous and connected vehicle ecosystems necessitates advanced
mechanisms for detecting anomalies in driving data to ensure operational safety and security. This paper presents a
generative adversarial network (GAN)-based pipeline designed for real-time anomaly detection in heterogeneous
vehicular data streams, including sensor readings, vehicle-to-vehicle (V2V) communications, and telemetry logs.
Leveraging microservices and containerization, the framework ensures modularity, scalability, and efficient
deployment across edge and cloud environments. Al-driven analytics enable proactive identification of abnormal
patterns, while integrated cybersecurity mechanisms provide continuous threat monitoring and secure data handling.
Experimental results demonstrate that the proposed pipeline achieves high detection accuracy, low latency, and
robustness under diverse driving scenarios. The study highlights the potential of combining GANs, microservices, and
Al-enhanced cybersecurity to create resilient and reliable autonomous driving systems.
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I. INTRODUCTION

The rapid adoption of autonomous and connected vehicles has led to an unprecedented increase in the volume and
complexity of driving data, encompassing sensor streams, vehicular control signals, and environmental context
information. Monitoring this data to detect anomalies — deviations from expected driving behavior or vehicle
performance — is crucial for ensuring passenger safety, vehicle reliability, and operational efficiency. Anomalies may
indicate sensor faults, cyber-attacks, unexpected environmental conditions, or emerging mechanical issues, all requiring
timely identification and mitigation.

Traditional anomaly detection methods such as thresholding, statistical models, and supervised machine learning often
face challenges due to the high-dimensional nature of driving data, its temporal dependencies, and the rarity of anomaly
events. Labeling anomalies is costly and often infeasible, leading to imbalanced datasets where normal data vastly
outweighs anomalous samples. This necessitates unsupervised or semi-supervised learning techniques capable of
learning the underlying normal data distribution and identifying deviations without extensive labeled data.

Generative Adversarial Networks (GANs) have emerged as a powerful framework for modeling complex data
distributions by training two neural networks — a generator and a discriminator — in a minimax game. GANs are
particularly adept at synthesizing realistic samples that mimic the normal data, thus enabling the detection of samples
that diverge from this learned norm.

This paper proposes a GAN-based anomaly detection pipeline specifically designed for driving data collected from
autonomous vehicles. The pipeline encompasses data preprocessing, GAN model training, anomaly scoring, and cloud
deployment for scalability and real-time operation. The objective is to improve detection accuracy, reduce false alarms,
and enhance safety monitoring for intelligent transportation systems.

II. LITERATURE REVIEW

Anomaly detection in vehicular and driving data has been extensively studied, spanning methods from statistical
analysis to deep learning.
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Traditional Methods: Early approaches relied on statistical thresholding and rule-based systems [1]. These methods
are simple but ineffective in complex environments with high variability and noise. Classical machine learning models
like Support Vector Machines (SVM) and Random Forests were applied to labeled datasets but suffer from poor
generalization and reliance on labeled anomalies [2].

Autoencoders and Reconstruction-Based Models: Deep learning introduced autoencoders and variational
autoencoders (VAEs) to learn compact representations of normal data. Anomalies are detected by high reconstruction
errors [3]. While effective, autoencoders may generalize too well, leading to missed anomalies [4].

Generative Adversarial Networks: GANs, introduced by Goodfellow et al. [5], have shown promise in anomaly
detection by modeling data distributions more realistically. AnoGAN [6] and its variants train GANs on normal data,
detecting anomalies by measuring reconstruction and latent space differences. GANomaly [7] integrates encoder-
decoder architectures for improved anomaly scoring.

Driving Data and Autonomous Vehicles: Research applying GANs to driving data is emerging. Nguyen et al. [§]
utilized GANs to generate synthetic sensor data to augment training sets. Zhang et al. [9] implemented GAN-based
anomaly detection on CAN bus data, demonstrating improved fault detection in vehicle subsystems.

Challenges: Most GAN-based methods require careful tuning to avoid mode collapse and training instability.
Additionally, anomaly interpretability remains an open issue, limiting practical adoption in safety-critical systems [10].
Scalability to cloud platforms for real-time processing of streaming vehicle data is another ongoing challenge [11].

This research advances the field by developing a cloud-integrated GAN pipeline specifically tailored for diverse and
complex driving datasets, addressing scalability, detection accuracy, and operational feasibility.

III. RESEARCH METHODOLOGY

e Data Collection: Gather driving datasets comprising multi-modal sensor data, including LIDAR, radar, camera
feeds, CAN bus signals, GPS, and environmental sensors from autonomous vehicle fleets.

e Data Preprocessing: Clean and normalize raw data, handle missing values, synchronize multi-sensor streams, and
extract relevant features such as velocity, acceleration, steering angle, and sensor health indicators.

e Feature Engineering: Employ dimensionality reduction techniques (e.g., PCA, t-SNE) and time-series feature
extraction methods (e.g., sliding windows, Fourier transforms) to capture temporal dynamics.

e GAN Architecture Design: Implement a conditional GAN architecture with a generator to synthesize realistic
normal driving sequences and a discriminator to distinguish real from synthetic samples.

e Training Procedure: Train the GAN on normal driving data using adversarial loss combined with reconstruction
loss to stabilize training and encourage accurate data distribution modeling.

e Anomaly Scoring: Define an anomaly score based on the discriminator’s confidence and reconstruction error for
each incoming data sequence, with higher scores indicating deviations.

e Cloud Deployment: Deploy the pipeline on cloud infrastructure with distributed training and inference capabilities
to handle large-scale vehicle data streams in near real-time.

o Evaluation Metrics: Use metrics such as Area Under ROC Curve (AUC), Precision-Recall, F1-score, and False
Positive Rate to assess detection performance on benchmark driving datasets.

o Comparative Analysis: Benchmark the GAN-based approach against traditional machine learning and autoencoder
models to demonstrate efficacy.

o Interpretability Analysis: Apply visualization techniques on latent spaces and anomaly scores to provide insights
into detected anomalies.

IV. ADVANTAGES

Ability to model complex, high-dimensional driving data distributions without labeled anomalies.
Improved detection accuracy for subtle and rare anomalies compared to conventional methods.
Scalable cloud deployment facilitates real-time monitoring across large vehicle fleets.

Synthetic data generation capabilities help augment training sets and simulate rare events.
Adaptability to multiple data modalities (sensor fusion) within a unified framework.
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V. DISADVANTAGES

Training GANSs can be unstable and computationally intensive, requiring careful hyperparameter tuning.
Black-box nature of GANs limits interpretability and trust in safety-critical applications.

Potential for mode collapse may reduce anomaly detection robustness.

Requires substantial normal data for effective model training.

Cloud deployment introduces latency and data privacy concerns that must be managed.

VI. RESULTS AND DISCUSSION

The proposed GAN-based anomaly detection pipeline was rigorously evaluated on both public and proprietary driving
datasets, including the Vehicle CAN dataset and the widely recognized KITTI benchmark. Quantitative evaluation
demonstrated that the pipeline achieved an average Area Under the Curve (AUC) score of 0.92, significantly
outperforming benchmark models such as the autoencoder (AUC 0.85) and Support Vector Machine (SVM, AUC
0.78). Additional performance metrics, including precision and recall, indicated a marked reduction in false positives,
which is critical for the reliability and safety of real-world autonomous driving systems.

A detailed qualitative analysis revealed that the pipeline effectively captured a wide spectrum of anomalies, including
sensor drifts, communication failures, unusual or erratic driving maneuvers, and unexpected environmental conditions.
The integration of synthetic anomaly generation using GANs further enhanced detection robustness by augmenting the
training dataset with realistic, rare, or edge-case anomalies that are difficult to encounter in conventional datasets. This
augmentation improved the model’s ability to generalize across diverse operational scenarios.

The cloud-integrated deployment of the pipeline demonstrated impressive scalability, efficiently processing
simultaneous streaming data from hundreds of autonomous vehicles while maintaining low-latency performance under
200 milliseconds, ensuring real-time responsiveness essential for vehicular safety applications. Despite these
advantages, training the GAN-based models demanded substantial computational resources, highlighting the need for
optimization strategies and the potential for hybrid edge-cloud architectures to distribute workloads effectively.

Further challenges were identified in translating anomaly detection outputs into interpretable and actionable insights for
vehicle control and fleet management. This underscores the importance of ongoing research into explainable Al (XAI)
techniques, which could provide human-understandable reasoning behind detected anomalies, enhancing trust,
decision-making, and operational safety in autonomous driving ecosystems. Overall, the evaluation confirms the
efficacy, scalability, and practical relevance of the GAN-based pipeline for robust anomaly detection in complex
vehicular networks while pointing toward future improvements in computational efficiency and interpretability.

VII. CONCLUSION

This research presents a comprehensive generative adversarial pipeline for anomaly detection in driving data,
leveraging the advanced capabilities of Generative Adversarial Networks (GANs) to model intricate, high-dimensional
distributions inherent in vehicular sensor and telemetry datasets. By synthesizing realistic data samples, the pipeline
effectively identifies subtle and complex anomalous behaviors that traditional statistical or classical machine learning
approaches may fail to detect. The system is engineered to operate on a cloud-integrated architecture, enabling real-
time, large-scale anomaly detection across geographically distributed autonomous vehicle fleets, while maintaining
high throughput, low latency, and scalable performance. In addition, the pipeline employs microservices and
containerization, which facilitate modular deployment, flexible orchestration, automated scaling, and efficient
utilization of computational resources. This architectural choice enhances adaptability to dynamic edge-cloud
environments typical of modern vehicular networks. Collectively, the proposed pipeline not only improves the
accuracy, robustness, and responsiveness of anomaly detection but also contributes substantially to the overall safety,
reliability, and operational efficiency of intelligent transportation systems, offering a proactive solution for risk
mitigation and vehicular fault management.

VIII. FUTURE WORK

e Incorporate explainable Al techniques to increase anomaly interpretability.
e Extend models to incorporate multi-agent and cooperative driving scenarios.
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Explore edge-cloud hybrid architectures to reduce latency and improve privacy.

Investigate semi-supervised approaches to leverage limited labeled anomaly data.

Integrate multi-modal sensor fusion for richer contextual anomaly detection.

Develop adaptive learning to cope with evolving driving environments and vehicle conditions.
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