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Change Attention-based Vehicle Scratch Detection System

EunSeong Lee”, DongJun Lee”, GunHee Park”, Woo-Ju Lee”, Donggyu Sim?, and
Seoung-Jun on*

S_D‘_ ot

B =R A M o8 M| 2X(car sharing service)ol A 2 dE] 9 A4E Y8 £ ¥4 | Y RUS Add 7]E9
A e AF AIZEE U9 A, T ARA 247 RS BAse J dY R #XEH T 94 FAYSE Yzt A
4 e s gaste F AR PAEe] Atk uweld $EFel Bed F oA RS ¢ 9AE Eole B &4 ¥4
Ba8 JAGNA HEE gXske | #Y Bl do] 58 H&ete] rHdth I FY Ayd Aea 2HY FHEUt H
Sl BRI o] &t At Fhvgte #9357 Wl A wkAK(specular reflection)’t &3 BA Al IA FFE mzlch
wEtr] AL R MASE QEAE HaAlF)7] S8t AW AR AASE AT FHE AL o] EA7 FUlE 7
g2 #ZY3 dolEe fa Adsle A2EE FRHAEA FHFY AUZ(precision), A& (recall), F1, Kappa HZHeAA 7}z

67.90%, 74.56%, 71.08%, 70.18%=2A & YA TS HlTh

Abstract

In this paper, we propose an unmanned vehicle scratch detection deep learning model for car sharing services. Conventional
scratch detection models consist of two steps: 1) a deep learning module for scratch detection of images before and after rental, 2)
a manual matching process for finding newly generated scratches. In order to build a fully automatic scratch detection model, we
propose a one-step unmanned scratch detection deep learning model. The proposed model is implemented by applying transfer
learning and fine-tuning to the deep learning model that detects changes in satellite images. In the proposed car sharing service,
specular reflection greatly affects the scratch detection performance since the brightness of the gloss-treated automobile surface is
anisotropic and a non-expert user takes a picture with a general camera. In order to reduce detection errors caused by specular
reflected light, we propose a preprocessing process for removing specular reflection components. For data taken by mobile phone
cameras, the proposed system can provide high matching performance subjectively and objectively. The scores for change detection
metrics such as precision, recall, F1, and kappa are 67.90%, 74.56%, 71.08%, and 70.18%, respectively.

Keyword : car sharing, deep learning, change detection, change attention, specularity removal
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Fig. 4. Block diagram of the proposed change attention-based vehicle scratch detection system
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