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Detection 2 segmentation I} inpainting 33, 3) §=3
BeAstAo] 9t domain adaptation A% 3FAF 2 dataset

300 T2 BlEYa.

2. Method
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254 structure-preserving semantic

knowledge-based

scene reconstruction & A7 styict.

o] 95, AHA|| &t database G+&35ta, YOLO (You Only
Look Once) v5 ¥ LAMA (Large Mask inpainting) ¥123]&<

£45t9 2|& privacy preserving proptech 7|4 &5ttt

‘ RGB image frame
l ' '
Private Object Detection and Classification

Inpainting

anate Object Segmentation and Removal

LAMA

‘ RGB image frame ‘

23 1. Proposed algorithm overflow
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2.2 Privacy Object Detection
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2 =Yl 7|8k object detection ¥12]E YOLOvVS [3]2

YOLO(You Look Only Once)&t o]u]x|ofjA] E4 object 9
& #ro} bounding box regression & EX|of XIgPA]7]=
112]Z90 2 pretrained ¥ head &
1 back oA detection & 3t & classification 1} box

regression & 5A0] ZI3835tc}.

E5A feature map <

ne ne of

72 2. YOLO vb network architecture [3]
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2.3 Object Inpainting with Segmentation
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13 3. Lama 9 frame work [4]
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2 o LloA AESH LaMa Inpainting & [4] FFC(fast
Fourier convolution) block & ©0]&35}9] 7]&9 encoder,
decoder giAlgitk. ol 71EY
Inpainting o|A]+= large receptive field 7} A-&o] A HX|
UorE W sl W §e uia3g A Gy e
2Rso] vjs] Hofd dee BET T2|il adversarial
loss[5]@t high receptive field perceptual loss[6]S Zghsh
multi-component loss & AA|5] AE S oY= feed-
forward  ResNetlike

gzl soldt.

YA Image

inpainting  network  inpainting

Faster R-CNN
w/ ResNet

> class
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13 4. Mask R-CNN 9] frame work [7]
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5171 st wHo® Mask R-CNN [7]o]lA4
module £&35to] 2 YOLO vb ¥ LAM 22|50 E3stY
R software & python 22 1L33}%ct Mask R-CNN &
71& object detection B9l Faster R-CNN o]JA] object mask
branch 7} Z71sl 2L st 9t} o)X b2 Instance
segmentation ZAEX Y o &8t mask of T2} class & UEA]
ok, Faster R-CNN 9} #o] class ¢ bounding box 9 o0&
W74 binary mask o] o1& S HE2 AZsto] ¢ U
52 BolEt A7l Hsfl detect gt =A19] mask E E4 o
MEstAl &2l W7] st Faster R-CNN ol A ARE-5HE Rol-
Pooling T4l Aj2& layer & AFE3tch Mask R-CNN ofA=
quantization loss & %0 A&t masking 2 £2517] ¢J5f
Rol-Align layer & A|o513=0], Rol-Align 2 feature
map A Rol o] AR sigst bin 9 feature %HZ
bilinear interpolation & AFg3te] A&SH ZHe Akt &
pooling & %1385t &|F £ E|= binary mask o HX|7} AA|
Rol o} 72| x|at& 5 i}

segmentation

2.4 Transfer Learning- Domain Adaptation
Public Dataset (MS COCO DB)o.z2 8sr&H pretrained
model A-&A], st= 7MA/2mA &7} domain gap Ao

A 45 AA7E TG olF a2 a9l Ry REL
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target domain adaptation & AMStYA o]E

B 1 Transfer learning for target domain adaption & 95}
pretrained model of AM¥ DB 9] feature distribution &% ¢Jgt
Clyet %71 DB 8 4

Training DB

MS COCO (¥ public) 7,000
Web Crawling (3t=d 254h 1,500
Ml 255 DB (Pt=E £=4h 1,000

3. Experimental Results

017t object detection ¥ inpainting algorithm <
ALsto] AP AL privacy preserving Proptech 7|42
A sty B g5 Google Colab [ref] GPU
(Tesla T4, 15110MiB) &730oA 1920 x 1080
AAGAo2HE YOLO vb privacy object detection ¥
LAMA inpainting 2 mo|X <10]e} Pytorch framework © 2
Festgt. et YOLO vb & AEE ¥ L& test
At &&80g  YOLO vbh medium HAOoZ

F#3t¥ch. Proposed algorithm & <QutAol &0 A

98%2] g2 =9} challenge 3 &7 oflA{(occlusion ¥ HHAL,
AZE ) 81% FEES BYcH (B 2 ¢ I 5, 6). 3%
dataset 2£& 95to] Google oAl 3= mUE AR @
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3 6. Privacy Preserving results (CJAZdo] AW At @ E9J),

Input(%}) Privacy Removed(%), Proposed Inpainted result(-%)

3 2 Proposed algorithm accuracy results

Pretrained | Customed | Customed
Model Model 1 Model 2

Test #1 (MS COCO DB 337d) 86% 87% 89%
St EE A} x}

Test #2 (LjHTao E}gs 1000%h) 94% 96% 98%
Test #3 (2= ¥ &4t DB 1000%)

- Challenge & 7% 5% 81%

7]1&£9] MS COCO DB ¢t Custom DB & H]w35}7] JafA]

Precision I} Recall & A5t Precision & ZAx|E 7A&sh
2w getEA dE2d JieE UElE A0l Recall &
Azoior e AW AdEOl MMty guteA Az
45 e ol (28 7)

tv0.831
faptop 0.806
— all classes 0.819 MAP@O.5

22l 7. Proposed algorithm training precision-recall curves (left)

and precision-confidence curves (right)

4. Discussion and Conclusion
AFYHEL, AR
Ardxefe Ak J¥2 A5 inpainting #1259 450
stck. 2 Apor &8sk LAMA-based inpainting

e ReBR ot oulxle] Azpo] et
2l& Y4} reconstruction 459 Ato|7} wA¥sict (1.2
B. & 97 Zuo 2 S,
segmentation mask generation ¥+ =2 rough mask 2T
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= privacy-preserving

mask

s T 7Y image
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a3 8. Algorithm performance comparison: Ist row: original
image (left), bbox area (middle), segmented mask (right). 2nd row:
original image (left), inpainted image with bbox from YOLO v5
(middle), inpainted image with segmented mask from Mask R-
CNN (right)
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