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Abstract : In automotive applications, embedded artificial intelligence (Al) systems must maintain real-time perception
while operating within strict power, thermal, and computational constraints. However, most existing studies on object
detection, particularly those using YOLO architectures, emphasize detection accuracy (mAP) and inference speed (FPS), yet
give far less attention to energy efficiency, a critical factor for deployment on vehicle-mounted embedded platforms.

This study proposes a power-efficiency-oriented evaluation framework that jointly considers detection accuracy, inference
throughput, power consumption, and energy efficiency expressed as mAP per Watt to overcome this limitation. YOLOvS
serves as the representative object detection model, and two widely adopted model compression techniques, structured
pruning and post-training quantization, are systematically applied and evaluated. Using a vehicle-mounted embedded
platform, experiments are carried out under the same operating conditions. The results indicate that models with similar
detection accuracy may display markedly different power consumption characteristics, while quantized models deliver the
highest energy efficiency with only minimal accuracy degradation. These findings underscore the importance of energy-
aware evaluation for practical automotive embedded perception systems.
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EMBEDDED CONSTRAINTS

Fig. 1 Four critical constraints of embedded systems
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Embedded object Detection system architecture

Embedded Platform
(NVIDIA Jetson)

= YOLOvS (Baseline)

- YOLOVS + Pruning

= YOLOvS + Quantization
= YOLOvS +P+Q
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Table 1 Comparison of prior studies and the proposed

evaluation framework
Comparison item Prior studies Proposed framework
No. of evaluation 13 4 (mAP, FPS, . E)
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Energy efficiency % o
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Multi-metric
normalization * g
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weight config, > R
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filtering
Pareto frontier
analysis it 9
Target platform General / Server Vehicle-mounted
Integrated decision
procedure X B
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Proposed power-efficiency-based model selection framework

Candidate Models

Baseline | Pruned | Quantized | P+Q

Performance Evaluation

mAP. FPS, Power (W)

Normalization

norm{(x) = (x-x_min)/{(x_max-x_min)

mAP, FPS, E — [0.1]

Waighteil Scaving
5 = a-norm{mAP) + f-norm(FPS) + y norm(E)

Pareto Analysis
{(mAP — FPS— Power)
Optimal Model Selection

« Enesgy-Critical: P+Q
= Safety-Critical: P/ Q
= Balanced: Quantized

Secenario-dependent
Selection

Multi-objective evaluation under embedded constratnts

Fig. 3 Proposed power-efficiency-based model selection
framework
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Overall Experimental Pipeline for Model Optimization

Baseline Training and Eveluation

« Train the original YOLOvSs model
+ Measure mAP, FPS, and power consumption

Pruning Stage

+ Sat pruning ratio basaed on channel importance
- Remove filters / channels

Retrain Pruned Model

+ Restore performance (mAF) via fine-tuning
+ Initial evaluation of the lightweight model

Quartization stage

+ Reduce precision: FP32 — INT3
+ Estimate scale based on calibration data

Embedded Inference and Final Evaluation

+ Deploy to Jetson Nano / Xavier NX
+ Measure mAF, FFS, power, and mAP/Watl
+ Compare Baseline vs. P+U model

Fig. 4 Pruning + quantization procedure diagram
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Table 2 Results of normalized performance metric calculations

Model MAP Norm FPS Norm E Norm

(mAP) (FPS) (E)

Baseline 73.6 1.000 | 284 | 0.000 | 3.94 | 0.000
Pruned 729 | 0300 | 347 | 0348 | 479 | 0.280
Quantized | 73.1 0.500 | 41.2 | 0.707 | 6.04 | 0.691

P+Q 72.6 | 0.000 | 465 | 1.000 | 698 | 1.000
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Table 3 Weight configuration for different scenarios

Scenario a B 4
Accuracy-oriented 0.6 02 0.2
Real-time oriented 0.3 0.5 02

Energy-efficient 0.2 0.2 0.6
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Table 4 Hardware and software environment

Category Specification
0s Ubuntu 20.04 LTS
Python 3.8.10
PyTorch PyTorch 1.13.1 + CUDA 11.7
GPU NVIDIA GeForce RTX 3090 (24 GB)
Embedded platform Jetson Nano (4 GB RAM)
Framework Ultralytics YOLOVS (v7.0)
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Table 5 Dataset composition and statistics

Category Train Valid Test Sum
fmage 2,000 500 300 2,800
Object 12430 3015 1,798 17,243
Class 10 10 10 10
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Table 6 Detection performance and inference speed

comparison
Model type | Baseline | Pruned [ Quantized [ P+Q
mAP@50 73.6 729 73.1 72.6
FPS 284 347 41.2 46.5
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Fig. 7 Power consumption comparison graph
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Table 7 Power consumption and energy efficiency

comparison
Model type | Baseline | Pruned | Quantized [ P+Q
Power (W) 18.7 152 12.1 104
E(mAP/W) | 394 479 6.04 6.98
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Table 8 Results of weight sensitivity analysis

o B ¥ Baseline | Pruned | Quantized | P+Q
06 | 02 ]02 0.600 0.306 0.580 0.400
05103 )02 0.500 0310 0.600 0.500
04 | 04 ] 02 0.400 0315 0.621 0.600
03 1051|002 0.300 0.320 0.642 0.700
02 102106 0.200 0.298 0.656 0.800
03 |03 ] 04 0.300 0.306 0.638 0.700
04 |02 )04 0.400 0302 0.618 0.600
02 |04 ] 04 0.200 0.311 0.659 0.800
01|01 ]038 0.100 0.289 0.673 0.900
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