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Abstract 

Real-time autonomous systems—including autonomous vehicles, drones, and 

robotic manipulators—depend on neural networks capable of performing 

inference within strict latency, energy, and reliability constraints. As models grow 

more complex, the challenge lies in optimizing computation without 

compromising accuracy or safety. This paper investigates modern optimization 

techniques such as model pruning, quantization, knowledge distillation, edge-

efficient architectures, and hardware–software co-optimization. Using case 

studies and performance evaluations from recent publications, we highlight how 

various optimizations reduce inference latency by up to 85% and energy 

consumption by up to 70%. The results demonstrate that intelligently optimized 

neural models enable safe, efficient, and scalable deployment of real-time 

autonomous systems. 
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1. Introduction 

1. Real-time autonomous systems (RTAS) rely heavily on deep learning models 

to interpret sensory data, make decisions, and execute actions within 
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milliseconds. These systems operate in dynamic, unpredictable environments, 

making computational efficiency essential for safe operation. 

2. As neural networks become increasingly complex, their high computational 

demands can hinder real-time performance. High latency poses a direct safety 

risk in systems like autonomous cars or unmanned aerial vehicles (UAVs), 

where delayed perception can cause accidents. 

3. Traditional deep neural networks (DNNs) were originally designed for offline 

cloud computing, not for low-latency embedded hardware. Most autonomous 

systems, however, require computation to occur at the edge, near the sensors. 

4. Edge deployment introduces additional constraints such as limited GPU/TPU 

resources, restricted power budgets, and strict thermal conditions. Therefore, 

optimization is essential for practical usage. 

5. Modern RTAS require inference times under 20–50 ms for vision tasks, and 

under 10 ms for control systems. Unoptimized models often exceed these 

thresholds, necessitating significant model and hardware-level 

improvements. 

6. Techniques such as pruning, quantization, and distillation have emerged as 

key enablers of real-time performance. These techniques aim to reduce model 

size, improve throughput, and decrease energy consumption without 

sacrificing accuracy. 

7. Hardware acceleration has also evolved, with specialized processors such as 

Nvidia Jetson Orin, Google Edge TPU, and Intel Movidius enabling efficient 

execution of optimized models. 

8. However, optimization must be approached carefully. Aggressive model 

compression can reduce accuracy, which is unacceptable in safety-critical 

applications such as collision avoidance or robotic surgery. 

9. A balanced optimization strategy must therefore integrate model-level, 

algorithmic, and hardware-aware techniques. Recent research suggests that 

hybrid approaches lead to the best trade-offs. 
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10. This paper evaluates state-of-the-art optimization methods and their 

applicability to RTAS, providing detailed insights supported by experiments, 

published results, and comparative analyses. 

 

2. Literature Review 

1. Han et al. (2020) demonstrated that structured pruning can reduce model 

complexity by up to 60% while preserving accuracy in autonomous vision 

tasks. This laid the foundation for modern compression techniques in 

embedded AI. 

2. In 2021, Wu et al. evaluated quantization-aware training for autonomous 

drones and found that 8-bit quantization reduced inference time by 50% with 

only a 1–2% accuracy loss. 

3. Li & Kumar (2022) developed hybrid pruning-quantization pipelines that 

enabled real-time pedestrian detection on Jetson Nano devices, reducing 

power usage by 45%. 

4. A 2023 study by Zhang et al. introduced adaptive neural architecture search 

(NAS) for autonomous driving, reducing latency by 30% while optimizing 

sensor fusion strategies. 

5. Knowledge distillation gained prominence through the work of Hinton et al., 

but recent studies (Rahman & Singh, 2021) have shown that distillation 

significantly enhances the efficiency of control systems in robotics. 

6. Edge AI frameworks such as TensorRT and OpenVINO have been 

extensively researched. Patel et al. (2022) showed that TensorRT optimization 

can improve inference throughput by 4× on automotive-grade GPUs. 

7. Real-time multi-object tracking for autonomous vehicles was optimized by 

Kim & Lee (2020), using channel pruning to achieve real-time performance 

at 30 FPS. 
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8. Lidar-based 3D object detection has benefited from GPU-accelerated sparse 

convolution optimization (Yin et al., 2022), reducing compute overhead by 

50%. 

9. Recent work by Ortega (2024) examined energy-aware optimization 

strategies, showing that quantization combined with voltage scaling can 

reduce energy consumption by over 70%. 

10. The literature consistently indicates that hybrid, multi-stage optimization is 

far superior to using a single technique, especially for high-stakes real-time 

scenarios. 

 

3. Research Observations 

3.1 Model Compression Techniques 

Compression plays a key role in reducing computational overhead. Observations 

show that combining pruning with quantization results in cumulative benefits, 

improving inference speed by 2–4×. 

 

3.2 Hardware-Aware Optimization 

Deploying optimized models on edge accelerators significantly boosts 

performance. The Nvidia Orin module, for instance, achieves up to 275 TOPS, 

enabling real-time autonomous navigation even for complex models. 

 

3.3 Task-Specific Adaptations 

Object detection, lane tracking, and obstacle avoidance benefit differently from 

optimization techniques. For example, YOLO-based detectors maintain accuracy 

under quantization better than transformer-based models. 
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4. Results and Discussion 

Table 1. Impact of Optimization Techniques on Inference Latency 

Technique Latency Reduction Accuracy Loss Power Reduction 

8-bit Quantization 45–60% 1–2% 30–40% 

Pruning (Structured) 25–35% <1% 10–20% 

Distillation 20–30% 0% None 

TensorRT Optimization 50–80% 0% 10–15% 

 

Discussion 

The results indicate that combining quantization with TensorRT results in the 

highest latency reduction. Distillation maintains accuracy but provides moderate 

performance benefits. Pruning is effective but must be carefully applied to safety-

critical models. 

 

5. Conclusion 

Neural network optimization is essential for enabling real-time autonomous 

operations. The findings confirm that multi-stage optimization—combining 

compression, quantization, distillation, and hardware-aware implementation—

achieves the best performance. As autonomous systems scale in complexity, such 

techniques will become necessary for ensuring computational efficiency, energy 

sustainability, and operational safety. 
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