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Pedestrian Detection Optimization Method Based on Data Enhancement and Supervised
Equalization in Fisheye Image
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3 Huzhou Special Equipment Inspection Center, Huzhou,Zhejiang 313000, China

Abstract In recent years,due to the fisheye camera is widely used in the field of intelligent monitoring, many scholars propose
pedestrian detection algorithm for fisheye image. However, the fisheye scene is complex and distorted, which leads to the imba-
lance of data set sample distribution and algorithm supervision allocation, which will reduce the performance of the detector. To
solve these problems,a data enhancement method for pedestrian detection in fisheye image is proposed,which consists of pattern
sampling enhancement and angle histogram enhancement. The pattern sampling enhancement focuses on the mining of difficult
samples in fisheye image.and the generated new samples enrich the pedestrian patterns near the center of fisheye image. Angle
histogram enhancement is based on the idea of histogram equalization, which smooths the angle distribution of fisheye image sam-
ples to alleviate the over fitting problem of single scene. In addition, based on Anchor-free fisheye image pedestrian detector., the
fusion of location quality prediction and supervision information is proposed to extend Focal Loss to continuous domain to opti-
mize the supervision allocation of detector location branches. Experimental results show that the proposed data enhancement algo-
rithm can effectively alleviate the uneven distribution of fisheye image data set,and show good results in both Anchor-Based and
Anchor-Free detectors. The continuous Focal Loss optimization localization supervision method improves the overall performance
by 3. 8% without increasing the reasoning complexity of the Anchor-Free detector.

Keywords Fisheye images,Pedestrian detection,Data enhancement, Anchor-Free detector,Continuous Focal Loss
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Fig. 6 Angle distribution of samples before and after angle histogram

enhancement
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Table 1 Entropy before and after data enhancement
MR KR A H 7 B R
A A oA R
Origin EP RR SR Origin A E A F A
7 2.30 2.55 2.54 2.51 2.30 2.30
f K 3.08 3.23 3.19 3.22 3.08 3.48
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JEPE MW-R 088 45 1 9 47 03, i 1 OF 29 9 ) 3 (Average
Precision, AP)YE N TEM 8 55 .
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1<0. 3 B, % B R 48 3] MW-R 0-0. 3 m, [7 3% 4> MW-R
0-0.5 Ffl MW-R 0-0. 7, TTFNet 5 RAPID 4} %l 5% Fi Res-
Net18 il Darket53 15 Jg B T W 45 , Il 5 &1 45 A Il ik (6] 45 53
RN 512« 512, YILRIRME L, 3 B AL B R 25 3 5
%S4, Hrh Darknet53 32 3 3, 0. 001 875, 8124 0. 9;
ResNet19 FAfi2% > %4 0. 002, 3 &4 0.9, WY kB B R HL
T 4% 2 3] % A R 4% % 3] % 1021 %48 82 000 K,
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Table 2 Results of patten sampling enhancement

MW-R MW-R AP/ %
A HE 4 3 - - _ _ _
MEERL  Fik mAP/%  APsy/% MW-R MW-R MW-R
0-0.3  0-0.5 0-0.7
Origin ~ 49.91 94. 26 24.05  43.31  47.88
EP 49. 47 94.0 27.06  43.05  48.24
7 4 A
RR 50. 27 94.13 26.44  43.83  49.92
SR 50. 04 93.57 24.66  41.71  47.49
Origin ~ 51.43 95. 45 25.41  43.89  49.03
EP 53.22 95. 84 30.81 48.66 54.14
AR -
RR 51.73 95. 22 27.36  45.31  53.44
SR 52.1 95. 66 30.53  46.54 52,12

M 2 TTHHE MW-R 0-0. 3, MW-R 0-0.5 L & MW-R 0-
0.7 W28 45 50T L 3], EP, RR, SR 3 7 5 3 fig % 42 7+
PR 10 IR RGO B H AR BRI B8 g 5 DA i HE 52 30 245 S
F A1 EP J7 ¥k B 70 48 T FE B £ IR B0 B B AR A DU
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Table 3 Results of angle histogram enhancement
MW-R MW-R MW-R
Al M 2 3
RAER 7 & mAP/%  APs5y/% AI’75/%
Origin 49.91 94. 26 46.55
T e .
P amErm as.s9 92.30  46.28
Origin 51.43 95.45 48.62
W4 AR . )
e MELZFE  53.07  95.54 54.0

4.3 L Focal Loss jH Bt 5018
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B (IoU) - I B HL Focal Loss 1E 24 #6512 X HAS I 14 fiE 5
ToH AR T R E B Focal Loss ¥ & 31 40 A W {H 2 48 Fr 7
1Y ASCET AR A BB A T AE B sk B & L B9 AL Focal Loss
AT A L ok 0 £ 1 Ak T B 8 A . B A Y 3%
Focal Loss P45 /&5 17 4% P98 BT A 8039 AL A4 IE A A5 7 58 43
5 HE— R T I URE AR S A [R]85 6 4 2% Focal Loss 5
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PERE Gn AP R TT 25 3. 800 . 4 I i B 2 (A Pso ) W] 3% 97. 204,
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Loss &5 & ToU H Ak Wi 5 FH 72 90 45 1 25 B B, % ) 6% #fi 1
B B T 5% M, 50 SR 5K ] A 0 33 B C f ps) A T RAPID,
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Table 4 Results of continuous Focal Loss ablation experiments
- MWR _ MW-R _ MW-R ,
K mAP/Y%  APs /Y APi/% P
Anchor-Based(RAPID) 51.43 95.45 48.62 17.1
Origin( TTFNet)
49.91 94. 26 46.55
Focal Loss
TTFNe 19. 80 93. 96 47.21
Focal Loss+1oU ¥ % ’ : :
66. 3
TTFNet 51.53 95.47 18.33
ol. o, 40.
# 4 Focal Loss ” N
TTFNet
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