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deep association metric. In 2017 IEEE international conference on image processing
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Computer Vision, 129, 3069-3087.
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Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
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Eliminating Interruptions from Images. arXiv preprint arXiv:2204.02591.

12) Yu, J., Lin, Z., Yang, J., Shen, X., Lu, X,, and Huang, T. S. (2018). Generative image
inpainting with contextual attention. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 5505-5514.

13) Yu, J., Lin, Z., Yang, J., Shen, X, Lu, X, and Huang, T. S. (2019). Free-form image
inpainting with gated convolution. In Proceedings of the IEEE/CVF international conference
on computer vision, 4471-4480.
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14) Zeng, Y., Fu, J., Chao, H, and Guo, B. (2022). Aggregated contextual transformations
for high-resolution image inpainting. IEEE Transactions on Visualization and Computer
Graphics.
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18) Lugmayr, A., Danelljan, M., Romero, A., Yu, F., Timofte, R., and Van Gool, L. (2022).
Repaint: Inpainting using denoising diffusion probabilistic models. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 11461-11471.
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20) Han, S., Srivastava, A. Hurwitz, C., Sattigeri, P., and Cox, D. D. (2020).
not-so-BigGAN:  Generating  High-Fidelity Images on Small Compute with
Wavelet-based Super—-Resolution. arXiv preprint arXiv:2009.04433.

21) Belousov, S. (2021). Mobilestylegan: A lightweight convolutional neural network for
high—fidelity image synthesis. arXiv preprint arXiv:2104.04767.

22) Vasileiou, C., Smith, J., Thiagarajan, S., Nigh, M., Makris, Y., and Torlak, M. (2022,
October). Efficient CNN-based super resolution algorithms for mmWave mobile radar
imaging. In 2022 IEEE International Conference on Image Processing (ICIP), 3803-3807.

23) Monday, H. N, Li, J, Nneji, G. U, Hossin, M. A., Nahar, S., Jackson, J., and
Chikwendu, I. A. (2022). WMR-DepthwiseNet: A Wavelet Multi-Resolution Depthwise
Separable Convolutional Neural Network for COVID-19 Diagnosis. Diagnostics, 12(3),
765.
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25) Wang, C. Y. Bochkovskiy, A., and Liao, H. Y. M. (2023). YOLOv7: Trainable
bag-of-freebies sets new state-of-the-art for real-time object detectors. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 7464-7475.
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dolg A=

(19 4-1] BGVP dlo]g] HE®

B =wdA A A A Yok & AA e FY e HY AME FHd~
2 Agstd . o]o] BGVP(Background Vulnerable Pedestrian Dataset)26)
dlo] 5 ¢} WiderPerson2? d©lo]E e} o] thafe] Algho] EAst= olv]A] o

26) Sharma, D., Hade, T., and Tian, Q. (2022). Comparison Of Deep Object Detectors On A
New Vulnerable Pedestrian Dataset. arXiv preprint arXiv:2212.06218.

27) Zhang, S., Xie, Y., Wan, J., Xia, H., Li, S. Z., and Guo, G. (2019). Widerperson: A diverse
dataset for dense pedestrian detection in the wild. IEEE Transactions on Multimedia, 22(2),
380-393.
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T3k OVIS(Occluded Video Instance Segmentation)2) E|o]EHE HAE
HolH & o] &staitt. s doly AE= A4 w4de 7 AA <}
HA AA7E FE5 ol F= Aol EAolt. [ 4-2]dlA B F Aol 257
o] g shHl gz 94 W AAY FUHLE EFStAL ey, E =2

N A Fehzol olnAE hoE S

(219 4-2] OVIS ©lo]g] HEX

dddoll= Colabe] o]&= Ao oo o3t HFH o Ad2 [% 4-119
2o =3 A o] &F dHolH = g5 vlolH (Train data), H5ol ©]&

Sk Ho]E (Validation data), A% A S g o]&3F Ho]E(Test

28) Qi, J., Gao, Y., Hu, Y., Wang, X., Liu, X., Bai, X,, ... and Bai, S. (2022). Occluded video
instance segmentation: A benchmark. International Journal of Computer Vision, 130(8),
2022-2039.
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w< SGD$ Adam ¥, © #& E4 e B Adams Sl FH A 5}
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[ 4-1] A% 37

Computing Environment Workstation
Processor Intel(R) Xeon(R) CPU @ 2.20GHz
Memory 83.5GB

Operating System

Ubuntu 18.04.3 LTS

Graphics Card

NVIDIA A100-SXM4-40GB
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PSNR =10 x log,,

(2] 4-1] PSNR
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[4=2] 4-2]= SSIM(Structural Similarity Index Measure) S &, Hlo]E 9]
FxA SAES HrtstE A xolth. PSNR¥Y w2 QB oju x|
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lhu

[42] 4-3] LPIPS

LPIPS(Learned Perceptual Image Patch Similarity)® AlexNet, VGG,

SqueezeNet R o] T3t 54 & &E3v. [£4 4-3]45d 7b HddelA

HE olu X (R)S} AT olH] A (6)e] AolZ 7HF A (w')ol]l I Hte ¢
o2 Axksitl LPIPSE €2 A 5S e AY E7719 33502 539
olu| x| o] EAS FESA olE |Wro R o]ux] Ztkeo] zolE Asit=

Aol A FID(Fréchet Inception Distance)®t FAFstty. 12y FID&=
Inception 2L LPIPS+= AlexNet, VGG, SqueezeNet R 49& o] &3lr}i=
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(719 4-4] vk=a ER] W Aud" A v
(a) & o|x], (b) A A, (o) AHEE sto|B = whxa, (d) BA
E—;;H

RRRPEER L)
2% ov)A

Rl

B% oJuA, () AAF Ffolne s vhaag 3

= U

[ 4-3] vl=3 F57o] w2 A" As
Mask type PSNR 1 SSIM 1 LPIPS |
bounding box 29.93 0.81 0.083
hybrid 32.013 0.89 0.068

[ 4-3]12 w2z F7dd e Aueld AxE H7F Ax2 89ag 3l
oltk, AA A wAzE o]§3E wi PSNR, SSIM, LPIPS7F 7+7}
29.93, 0.81, 0.083% o1}, A kd sfolH = npAAE o] &3S i 32013,
0.89, 0.0682. 2 PSNR¥ SSIM®| X &= s ow, LPIPSO +X= 34
g}, ol Aotdt dtolB = whazsE AA A Ao tisk AA A
mpaaRY F ARE 28317 49 ou AV f AAsHA ELEHAY
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[ 4-4] A7) BARe £2 F5 A w2 Ay

Discriminator loss PSNR 1© SSIM 1§ LPIPS |
Global, Local 31.9 0.87 0.079
Global, Local, Total 32.013 0.892 0.067

31.

st AA ARV FrrEWEA oju A Y wd AEe 47 32013,
0.892, 0.067= o] ¥} ]3|
AA AE Aol F7E7E 12l
ojm Ao FHo] o FFHITE v

[27 4-Blel A [27 4-7]2 dlolgo] wmE AA AA A=de] Az
2, [2¥9 45l st deoly AE, [2¥ 4-6]2 Pedestrian2?,
Penn-Fudan Database30 dlo]g A E [1¥ 4-7]2 Places3653D dlo]E A
Eo digt AF=olth. 3, &5 942 4Y oHAE, AT & HAT
ojm A& et [1¥ 4-5]F FEEH, 4Y oln Ao HAAAQ M3y
TS A dom, v HEs dA%st

o]
Ae & Y dEo] &d AAR oyt v AA= AATE A

29) Wang, L., Shi, J, Song, G., and Shen, I. F. (2007). Object detection combining
recognition and segmentation. In Asian conference on computer vision, 189-199.

30) Karthika, N. J., and Chandran, S. (2020). Addressing the false positives in pedestrian
detection. In Electronic Systems and Intelligent Computing: Proceedings of ESIC 2020,
1083-1092.

31) Loépez-Cifuentes, A. Escudero-Vinolo, M., Bescés, J., and Garcia-Martin, A. (2020).
Semantic-aware scene recognition. Pattern Recognition, 102, 107256.
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ABSTRACT

Multi object tracking and inpainting system

Lee Hyo Jin

Department of Future Convergence
Technology Engineering

Graduate School of

Sungshin University

In the image, objects unrelated to the content can distract viewers from
focusing on the main object, and may pose problems such as privacy breaches,
necessitating their removal. In this paper, we propose a lightweight multiple-object
inpainting system. By combining the main object selection process, object tracking
technology, and image Iinpainting techniques, we effectively remove multiple
objects while automating the entire process for swift performance. To identify the
objects to be removed, we introduce the Davies-Bouldin Index and propose a
methodology for selecting main objects. We generate a hybrid mask corresponding
to the segmentation mask using detection results for human body parts and
automate multiple object tracking and masking operations with the introduction of
YOLOvV7. Furthermore, we structure the convolution blocks of the inpainting model
using Discrete Wavelet Transform and Depthwise Separable Convolution,
maintaining the model’s restoration capabilities while improving the system’s
inference speed to approximately 9 FPS. Evaluation of the system using metrics
such as PSNR, SSIM, LPIPS, and FPS shows a higher restoration performance

compared to existing inpainting models in terms of FPS.
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