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Refinement Module 7|8t Three-Scale B3 A& 7|4
(A Three-scale Pedestrian Detection Method based on Refinement Module)
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Abstract : Pedestrian detection is used to effectively detect pedestrians in various situations based on deep learning.
Pedestrian detection has difficulty detecting pedestrians due to problems such as camera performance, pedestrian
description, height, and occlusion. Even in the same pedestrian, performance in detecting them can differ according to

the height of the pedestrian. The height of general pedestrians encompasses various scales, such as those of infants,
adolescents, and adults, so when the model is applied to one group, the extraction of data becomes inaccurate.
Therefore, this study proposed a pedestrian detection method that fine-tunes the pedestrian area by Refining Layer
and Feature Concatenation to consider various heights of pedestrians. Through this, the score and location value for
the pedestrian area were finely adjusted. Experiments on four types of test data demonstrate that the proposed model
achieves 2-5% higher average precision (AP) compared to Faster R-CNN and DRPN,
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Table 1. Average Weight, Height Results for Learned Data
PASCAL VOC 2007/2012

Method Scale Weight Height
Large 0.9847 351.3248
i
Ledmm 0.45 2008727
TRPN M:‘;i;
0.08 141.4313
Small
Small 0.0038 102.5570
Large 0.7736 290.6966
DRPN Small 0.0486 117.4244
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Table 2. Average, minimum and maximum height for each
scale of TRPN

Method Scale Avg Wt Min Max
Large | 351.3248 | 0.9847 | 624.0000 | 176.1830
TRPN | Medium | 170.0642 | 02743 | 270.1848 | 100.5497
Small 1025570 | 0.0038 | 196.3789 | 14.9760
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Fig. 6. A distribution diagram of a medium scale for values
170-190
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Table 3. Results learned after distinguishing Threshold through
the PASCAL VOC 2007/2012 dataset
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Table 4. Details on the datasets used by the three models

Numb
Dataset Size um er Type
of images
ETH 624x624 Test © 999 Pedestrian
INRIA 624x624 Test : 288 Person
Train @ 3,019
PASCAL 624x624 Val : 3,076 Person
Test @ 1,814
KITTI 374x1224 Test © 1,779 Pedestrian
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Table 5. Based on AP evaluations of four datasets on three models

Dataset SRPN DRPN TRPN
ETH 42.3783 39.1220 43.7061
INRIA 90.7618 87.8314 91.7802
PASCAL 69.4101 68.0247 70.9703
KITTI 38.1386 341173 42.2679
Total 60.1722 57.2739 62.1811

H7H= YoM AWk APE Fald X149 AsS H7st
itk & 5& ETH, INRIA, PASCAL VOC 2007, KITTI %
4712 dlolg Mg Fal Al 7 RS §rhsE Aol

B av’ea(P" N G")

O v

Precision= ———= — ®
CASON™= "TpY FP all detections
TP TP
Recdll = 9)

TP+FN  dll ground truths

¥ 59 ZAydr ETH DatasetS 1.4 ~ 46%, INRIA
Dataset> 1.0 ~ 29%, PASCAL VOC Dataset> 15 ~
2.9%, KITTI Dataset> 4.1 ~ 81%= SRPN, DRPNX T} £
& AFRE YeERth HFAHSR A doly A i
A Totalol A& 2% - 49%2 F& AnE Yehioh

V.Z E

B =Fo| M= Faster R-CNN9 Object Proposals 371
9] Scale® Tt RES Alokedth 71 WA SAF
R-CNN, DRPN& tleo]g Aol Hi %o]& F3lo] Scale
TEHS Aotsdtl A7 SAF R-CNN, DRPNof|A A}
3t Scale TEHE 53] Medium-scaled AT H$-
33 o] FEHALE BAl 2SS Adl Medium-scale
gt A2 7S A 37HA scale® T3St
3 Medium-scaleo] 3338l Bazte] Eo]E Aibale]
u], Large-scale, Small-scaledl] <143 gtEo] &4 3
t} o] A9S %8 Medium-Scale®] *°]Z Threshold
71EO R o] Medium-Large-scale,
Medium-Small-scale®  A&3}stic), 28 Hafzte] o
42 Refinement Moduleg &3 vAzA st HEHOZ
zdo P22 dAsdtt #1 29 AFAY 2719 scaleX
o} 3709 scale® FEsHE Aol 19 7 TFEAE A
9l F 53] Hluy £ AEES IA Uk

0

52 A
PS8 RAAE 9 A7 ' HESe
o]

of

ot 2 1 o

°]
&

o2 @ ) ZAn
o o 422 ok dol U L 23E nelEte A8
selstg, oleld A uAd @E Pyl BeE:

AeFY AFAL, CCTV & wa4e dEshs Lokl
g9 5 otk 5 o ARGE RA TEES
oM noh 43 nYAE FRHLA B,



264 Refinement Module 7|8t Three-Scale 23X} ZE J|H

References

[11 K. He, X. Zhang, S. Ren, J. Sun, "Deep Residual
Learning for Image Recognition,” Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. pp. 770-778, 2016.

[21 Z. Zou, K. Chen, Z. Shi, Y. Guo, J. Ye, "Object
Detection in 20 years: A Survey,” arXiv preprint
arXiv:1905.05055, 2019.

[3]1 J. Li, X. Liang, S. M. Shen, T. Xu, J. Feng, S. Yan,
"Scale-aware Fast R-CNN for Pedestrian Detection,”
IEEE Transactions on Multimedia, Vol. 20. No. 4, pp.
985-996, 2017.

[41 S. H. Song, H. B. Hyeon, H. Lee, "A Pedestrian
Detection Method using Deep Neural Network,” Journal
of KIISE, Vol. 44, No. 1, pp. 44-50, 2017.

[5] M. C. Roh, J. Lee, “Refining Faster-RCNN for Accurate
Object Detection,” 2017 Fifteenth IAPR International
Conference on Machine Vision Applications (MVA).
IEEE, pp. 514-517, 2017.

[6] O. Ronneberger, P.
Convolutional

"U-net:
Biomedical Image

Fischer, T. Brox,

Networks for
Segmentation,” Medical Image Computing and
Computer—Assisted Intervention - MICCAI  2015:  18th
International Conference, Proceedings, Part III 18, pp.
234-241, Springer International Publishing, 2015.

[71 K. He, X. Zhang, S. Ren, J. Sun, "Deep Residual
Learning for Image Recognition,” Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, pp. 770-778, 2016.

[8] S. Ren, K. He, R. Girshick, J. Sun. “Faster R-cnn:
Towards Real-time Object Detection with Region
Proposal Networks,” Advances in Neural Information
Processing Systems 28, pp. 91 - 99, 2015.

[9] P. Dollar, C. Wojek, B. Schiele, P. Perona, "Pedestrian

Kyung—Min Jung (% > %)

-

2021 Computer Science and Engineering
from Sunmoon University, Asan,
Republic of Korea (BE.)

2021 ~Computer and Electronics Convergence
Engineering from Sunmoon University,
Asan, Republic of Korea (M.S.)

Field of Interests: Image Processing, Pedestrian Detection,
Object Detection, Bio BigData
Email: rudals2366@sunmoon.ac.kr

Detection: A Benchmark,” 2009 IEEE Conference on
Computer Vision and Pattern Recognition. IEEE, pp.
304-311, 2009.

[10] R. Girshick. “Fast r—cnn,” arXiv Preprint, 2015.

[11] R. Girshick, J. Donahue, T. Darrell, "Rich Feature
Hierarchies for Accurate Object Detection and Semantic
Segmentation,”  Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pp.
580-587, 2014.

[12] K. Simonyan, A. Zisserman, “Very Deep Convolutional
Networks for Large-Scale Image Recognition,” arXiv
preprint 1409.1556. 2014.

[13] M. Everingham, L. Van Gool, C. K. L Williams, J.
Winn, A. Zisserman, "The Pascal Visual Object Classes
(voc) Challenge,” International Journal of Computer
Vision 88.2, pp. 303-338, 2010.

[14] N. Dalal, B. Triggs, "Histograms of Oriented Gradients
for Human Detection,” 2005 IEEE Computer Society
Conference on  Computer Vision and  Pattern
Recognition (CVPR’05), Vol. 1, pp. 836-893, 2005.

[15] A. Ess, B. Leibe, L. Van Gool, "Depth and Appearance
for  Mobile Scene Analysis,” 2007 IEEE 11th
International Conference on Computer Vision. IEEE, pp.
1-8, 2007.

[16] A. Ess, B. Leibe, K. Schindler, L. Van Gool, "A Mobile
Vision System for Robust Multi-person Tracking,”
2008 IEEE Conference on Computer Vision and Pattern
Recognition. IEEE, pp. 1-8, 2008.

[171 A. Geiger, P. Lenz, R. Urtasun, "Are we Ready for
Autonomous Driving? the Kitti Vision Benchmark
Suite,” 2012 IEEE Conference on Computer Vision and
Pattern Recognition. IEEE, pp. 3354-3361, 2012.

[18] S. Ruder, "An
Optimization Algorithms,” arXiv
arXiv:1609.04747 (2016).

Overview of Gradient Descent

preprint

Soo—-Yong Park (2} &% )
(Expected 2024) Computer Science from
University of
Rochester, New York (B.E.)

Rochester,

-
e
Field of Interests: Human-Computer Interaction, Image

Processing, Object Detection
Email: spark180@u.rochester.edu


https://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
https://ieeexplore.ieee.org/abstract/document/10028728
https://ieeexplore.ieee.org/abstract/document/8060595
https://koreascience.kr/article/JAKO201710758143846.page
https://ieeexplore.ieee.org/abstract/document/7986913
https://link.springer.com/chapter/10.1007/978-3-319-24574-4_28
https://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
https://proceedings.neurips.cc/paper_files/paper/2015/hash/14bfa6bb14875e45bba028a21ed38046-Abstract.html
https://ieeexplore.ieee.org/abstract/document/5206631
https://ieeexplore.ieee.org/abstract/document/5206631
https://openaccess.thecvf.com/content_cvpr_2014/html/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.html
https://arxiv.org/abs/1409.1556
https://link.springer.com/article/10.1007/s11263-009-0275-4
https://ieeexplore.ieee.org/abstract/document/1467360
https://ieeexplore.ieee.org/abstract/document/4409092
https://ieeexplore.ieee.org/abstract/document/4587581
https://ieeexplore.ieee.org/abstract/document/6248074
https://arxiv.org/abs/1609.04747

Hyun Lee (°] §)
2 -'w.. 1998 Computer Science and Engineering
i . .
from Sunmoon University, Asan,
Republic of Korea (B.E.)
2002 Computer Science and Engineering

from Sunmoon University, Asan,
Republic of Korea (M.S.)

2010 Computer Science and Engineering from the Univ. of
Texas at Arlington, Arlington, U.S. (Ph.D.)

2012~Computer Science and Engineering from Sunmoon
University, Asan, Republic of Korea (Prof.)

Career:

2016, 2018~2020 Highly Cited Researcher (Clarivate Analytics)

2019~Int. J. Systems Science, Int. J. Control, Autom. &

Systems, Associate Editor
Field of Interests: Real-time decision-making systems,

Autonomic computing, Human-Care System, Bio BigData,
Hyperscale Al
Email: mahyun91@sunmoon.ac.kr

M 18

M 5% 20234

102

265





