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Abstract

This paper addresses the limitations of real—
time application of object detection techniques in
embedded computing environments. To overcome
these limitations, compression methods such as
pruning and quantization are being investigated. In
this  study,
including

various quantization techniques,

post—training quantization, partial
quantization, and quantization—aware training, are
applied to the YOLO v3 model to evaluate and
their embedded
environments. Experiments were conducted using
the YOLO v3 model and the PASCAL VOC dataset.

The experimental results show that the quantized

analyze effects in system

models can reduce model size and inference time
but result in accuracy loss.

Therefore, this
object

research  contributes to

improving detection performance in

embedded systems by proposing and analyzing
various quantization techniques for lightweighting
technology in  embedded

object  detection

environments.
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Pre trained model

Quantization
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Retraining / Finetuning
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Quantized Model
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o¥2}3} (Partial quantization)
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Method Precision Model Size(MB) mAP(%) Latency(s) FPS

Baseline FP32 241.09 69.33 12.49 0.08
PTQ INTS8 60.84 67.54 6.51 0.15
QAT INTS 60.84 69.29 6.51 0.15
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