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APPLICATION OF A DEEP NEURAL NETWORK MODEL SYSTEM FOR AUTOMATIC DETECTION AND TRACKING OF TARGET IN REAL-TIME ON FPV KAMICADZE DRONES
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Застосування системи моделей глибоких нейронних мереж для автоматичного виявлення та відстеження цілей в реальному часі на FPV дронах-камікадзе
У цьому дослідженні розглядається застосування глибоких нейронних мереж моделей для швидкого та високоточного виявлення цілей на дронах-камікадзе FPV, оптимізованих для апаратних середовищ із низьким ресурсом. Досліджуються методи скорочення та квантування моделі, щоб збалансувати ефективність обчислення з точністю виявлення. Також обговорюються практичні наслідки для виявлення в реальному часі в динамічних середовищах з обмеженими ресурсами.
Introduction
The development of autonomous kamikaze drones for real-time target detection requires efficient and accurate deep learning models capable of functioning within severe resource constraints. The rise of lightweight object detection algorithms, such as YOLO (You Only Look Once), has opened avenues for deploying neural networks on devices with limited computational power, like FPV (First-Person View) drones. Despite significant advancements, achieving optimal detection performance on restricted hardware remains a challenging problem[1].

Recent studies on YOLO model compression and acceleration have focused on lightweight versions like YOLOv5 Nano and YOLOv7 Tiny, demonstrating effective object detection in various applications. However, further refinement of these models is essential to meet the speed and efficiency demands of FPV kamikaze drones in complex operational environments.

The current study addresses the need for tailored optimizations in lightweight YOLO models, enabling high-speed target detection on FPV kamikaze drones under resource-constrained conditions.

Statement of the Problem
The objective of this research is to optimize and deploy lightweight YOLO models on FPV kamikaze drones for rapid, accurate target detection in real-time scenarios, while balancing computational efficiency with detection accuracy.
Terminology
Lightweight YOLO Models – Specialized versions of the YOLO object detection algorithm optimized for environments with limited computational power, such as YOLOv5 Nano and YOLOv7 Tiny
Model Pruning – A compression technique that removes unimportant weights and connections from a neural network, reducing memory and computational requirements.

Quantization – A method that approximates model weights and activations with lower precision, typically converting from 32-bit floating point to 8-bit integer values, to reduce the model’s size and improve inference speed on low-power hardware.
FPV Kamikaze Drones – Drones equipped with a real-time video feed and preprogrammed for self-guided, one-way missions aimed at specific targets, requiring high-speed, accurate object detection for effective target acquisition.
Analysis of Existing Approaches and Algorithms
Recent advances in lightweight deep learning models, particularly variations of YOLO, have facilitated the deployment of AI-driven object detection on drones and other compact devices.

Traditional YOLO models, while effective for high-accuracy object detection, are computationally intensive and unsuitable for deployment on low-power hardware without significant adaptation.

Models such as YOLOv5 Nano and YOLOv7 Tiny have emerged as efficient alternatives with reduced parameters and lower computational demands. However, these variants often sacrifice detection accuracy, especially when used in complex, dynamic environments like those encountered by FPV drones in real-time operations[2].

Techniques such as pruning, quantization, and knowledge distillation are frequently employed to make neural networks more compact. Notable studies have shown that combining these techniques with lightweight YOLO models can yield high-speed, low-power object detection solutions, albeit with challenges in maintaining robustness and precision.

The limitations of these approaches highlight the need for a tailored optimization process that balances efficiency and detection accuracy, making the model suitable for real-time deployment on FPV kamikaze drones.
Proposed Method
To enable the effective deployment of lightweight YOLO models on FPV kamikaze drones with limited computational resources, we apply a series of model compression techniques specifically tailored for target detection in real-time, resource-constrained environments. The focus is on two key processes—pruning and quantization—that work in tandem to reduce the model’s size and computational load while maintaining a high level of accuracy.

Objective is reduce the number of parameters by removing less important weights, layers, or neurons in the network to decrease model size and computational overhead without significantly impacting detection accuracy. Approach is apply structured pruning, which removes entire channels, filters, or layers rather than individual weights. This method preserves the architecture’s integrity, making it compatible with efficient hardware acceleration.

Starting from the base YOLOv5 Nano architecture, we identify channels and filters with low weight significance (using metrics such as L1 norm to quantify importance). These are pruned from convolutional layers, effectively reducing the number of parameters without compromising the model's structure.

Layers that contribute minimally to the accuracy, particularly those deeper in the network with repetitive patterns, are selectively removed. This step involves evaluating layers based on their impact on accuracy and response time, ensuring that only non-essential layers are pruned.

We iteratively prune 10-20% of low-weight channels in each pruning round, followed by retraining the model to recover accuracy losses. Retraining is conducted with a small subset of high-priority data to restore the model’s robustness in target detection.

After pruning, we perform fine-tuning on the pruned model using a subset of training data that includes key target objects relevant to the drone's operational environment. This step is crucial to ensure that any lost accuracy from pruning is recovered, with a specific focus on high-priority object classes.

We experiment with varying levels of pruning (from 10% to 40% of channels) to find an optimal balance between model size, detection accuracy, and processing speed, as higher pruning ratios typically lead to diminishing returns in accuracy. Our final pruned model achieves a 30-35% reduction in size while maintaining detection accuracy within 3% of the original model.
We use Post-Training Quantization, which converts a pre-trained model’s floating-point weights to 8-bit integer values without requiring full retraining, thus making it suitable for quick deployment on FPV drones.

Also, we use static quantization. This method involves quantizing both weights and activations using a representative dataset that simulates typical input data for FPV drones. For example, images captured from drone cameras in typical operational settings are used to calibrate the quantization process.
Results of Experimental Studies
The pruned and quantized YOLO model is tested in both simulated and real-world environments, focusing on several key performance metrics.
With structured pruning and 8-bit quantization, the model achieves inference speeds of up to 30 FPS on the Jetson Nano, compared to 12 FPS with the original model, making it suitable for real-time applications.

After pruning and quantization, the model’s mean Average Precision (mAP) is 75%, a slight drop from the baseline of 81%. However, this accuracy is adequate for high-speed target detection, and the trade-off is justified given the significant improvements in speed and efficiency.

Quantization reduces the overall energy footprint, enabling the drone to operate for an additional 15% longer on a single battery charge, which is critical for extended missions.
Conclusions
This research demonstrates that optimized lightweight YOLO models, such as YOLOv5 Nano, can achieve high-speed, low-latency target detection on FPV kamikaze drones. Future work will explore the integration of additional sensor inputs to further improve detection accuracy and robustness in complex environments, enabling drones to perform autonomously in dynamic operational settings.
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