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Person detection algorithm based on improved Cascade— RCNN network
JI Pengfei
(Information Institute Zhejiang Sci-Tech University, Hangzhou 310018, China)

[ Abstract] In order to solve the problem of a large number of false and missed target detections in pedestrian detection in crowded
scenarios, an improved target detection network based on Cascade—RCNN is proposed to improve the accuracy of human detection.
Some improvements have been made to Cascade—RCNN, which has good detection results: ResNeXt101 is used instead of ResNet
as the backbone network to extract more sufficient features; in order to obtain better labeled frames, the kmeans clustering algorithm
is used to obtain anchor lengths that are more in line with the target shape Wide scale, the results of multiple models are merged
through the WBF algorithm to obtain a more accurate bounding box, and multi—scale training is introduced to improve the detection
ability of small—-scale targets. Experimental results show that on the CrowdHuman public data set, using ResNeXt101 to extract
features increases the score by 3.7%, using kmeans clustering algorithm to generate anchor ratios and WBF algorithm fusion multi—
prediction frame, the accuracy rate increases by 0.7% and 1.2%, and finally the overall The performance is improved by nearly 6%
compared to the basic Cascade—RCNN.
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Fig. 1 Faster—RCNN network diagram
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Fig. 2 Cascade RCNN network structure
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Fig. 3 ResNet and ResNeXt network structure
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Tab. 1  Comparison results before and after the anchor ratio
obtained by kmeans
Backbone  Training scales  Test scales Anchor Ratio Score
Res50 704-1 024 1024 [0.5,1,2] 0.777 2
Res50 1 440-1 760 1 600 [0.5,1,2] 0.813 8
Res50 1 440-1 760 1 600 [1,2,3] 0.820 2
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Tab. 2 Comparison experiments of different feature extraction
networks
Backbone Score
Res50 0.804 2
Res101 0.810 3
ResNeXt101 0.840 8
ResNeXt101+WBF 0.8511
ResNeXt101+WBF+kmeans 0.859 6
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Fig. 6 Comparison chart before and after algorithm upgrade

3 HRiE

TENVER W 50T  MES o R A Py R
JEE R AR S5 (), AR SO Y 1) 2 T 20 Y Cascade -
RCNN 1) B BRI 190 2 BE 6% A7 2808 i B Ao 0 )
iR DN AEAR SR AT RRIAH] ResNeXt101
P28 S Bl T I 2% FE AN B T3 YRR Al B
fill 5 22 PR ARRAE | BB A2 IR AT B 20 B0AY 49 Ak 25 0 42 = A
M HERRR . HARSCITIR Y kmeans 25 1615 2]
1) anchor L7 EAS 2 BT 3 & 24 1 B4 5 (%) H AR AE
AT WBF S92 Rl e 22 A8 Y A6 I 25 2R RE A5 15 31
S A Y T AE R AT 2 Y Cascade -
RCNN HIEE SR Cascade— RCNN HIL 1 A Bk
PEREA AR KT (BT — Lol iR Rt/
1) B A%, A SCH TR IHICHE N ), 3K 2 5 L0 5%
FROXE A5

&% 3k

(1] BRT 280, 32m ) 45, SRR T AT AR I L 40R [ 1],
HHHLT RS R H ,2020,56(16) :13-20.

[2] VIOLA P, JONES M, SNOW D. Detecting Pedestrians Using
Patterns of Motion and Appearance [ J]. International Journal of
Computer Vision.2005.63(2) ;153-161.

[3] DALAL N, TRIGGS B. Histograms of Oriented Gradients for
Human Detection [ C]// IEEE Computer Society Conference on
Computer Vision & Pattern Recognition. IEEE, 2005 :886—893.

[4] WU B, NEVATIA R. Detection of multiple, partially occluded
humans in a single image by Bayesian combination of edgelet part
detectors[ C]//10™ IEEE International Conference on Computer
Vision, 2005 ;740-757.

[5] FELZENSZWALB P F, MCALLESTER D A, RAMANAN D. A
discriminatively trained, multiscale, deformable part model[ C]//
2008 IEEE Conference on Computer Vision and Pattern
Recognition. IEEE, 2008.

[6] DOLLAR P, APPEL R, BELONGIE S, et al. Fast Feature
Pyramids for Object Detection[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2014, 36(8) :1532-1545.

[7] B2 % BERrm L2 Al or k(1] 15
LR R ,2019,55(7) :194-198.

(THE5E 117 11)



