wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

i BIFCOSHIFR ME i
Pre<, BXHl, RER

SIRAAX

fre<, Bikyl, RER SUHEFCOSBimalEIA)]. HENMAEZE, 2022, 49(11A): 210900220-6.
CHEN Jin-ling, CHENG Mao-kai, XU Zi-han. Improved FCOS Target Detection Algorithm[J]. Computer
Science, 2022, 49(11A): 210900220-6.

BN EEE (SERXIMEE IE JIRNBREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
R-YOLOVS: BaptEIRREE B9 A SRR

R-YOLOv5:Auto-cutting,Rotated Text Detection Model

HHEHEIE, 2022, 49(11A): 210900185-6. https://doi.org/10.11896/jsjkx.210900185

FOEANKBSTBIRREMHENHAR
Study on Solar Radio Burst Event Detection Based on Transfer Learning

HEHNRIE, 2022, 49(11A): 210900198-7. https://doi.org/10.11896/jsjkx.210900198

RFENRBIME TEMR=4 BT
Single-stage 3D Object Detector in Traffic Environment Based on Point Cloud Data

HEHNRIE, 2022, 49(11A): 210900079-6. https://doi.org/10.11896/jsjkx.210900079

BT REBTRESTINETEONENFECTEGRSE
Liver CT Images Segmentation Based on Multi-scale Feature Fusion and Dual AttentionMechanism

HENRIE, 2022, 49(11A): 210800162-9. https://doi.org/10.11896/jsjkx.210800162

EFYOLOVISH#HVGGNet NFEHSIRELATRBIE X
Multi-label Vehicle Real-time Recognition Algorithm Based on YOLOv3 and Improved VGGNet
HHEHEE, 2022, 49(11A): 210600142-7. https://doi.org/10.11896/jsjkx.210600142


https://www.jsjkx.com/CN/10.11896/jsjkx.210900220
https://www.jsjkx.com/EN/10.11896/jsjkx.210900220
https://www.jsjkx.com/CN/10.11896/jsjkx.210900185
https://doi.org/10.11896/jsjkx.210900185
https://www.jsjkx.com/CN/10.11896/jsjkx.210900198
https://doi.org/10.11896/jsjkx.210900198
https://www.jsjkx.com/CN/10.11896/jsjkx.210900079
https://doi.org/10.11896/jsjkx.210900079
https://www.jsjkx.com/CN/10.11896/jsjkx.210800162
https://doi.org/10.11896/jsjkx.210800162
https://www.jsjkx.com/CN/10.11896/jsjkx.210600142
https://doi.org/10.11896/jsjkx.210600142

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 210900220

Sy THHF

M3 B FCOS HER#E N & %

Ged BEERI HBEE
WA mAFEAEEFR KA 610500

W E A28 A44E B AAA 0 % FCOS( Fully Constitutional One-Stage Object Detection) VA £ 52 R B AR 4F 42, {2 &
5NERAEEGRATE EAFARSAALS FHBRBB T E T —FEEAY FCOS BALMNILE, Z5EELE
ResNet50 HF /BRI ML P ImATEHB AR E L HEEHN B REFEZELEHAKE N RE . F FIPNFELFB5RE
R BARLE A MR S REAFIERR S AL R I AR SR IR AR . G, MmN B3 B X 4 iE AR R AL, 3 3R 40 TR AR 09 O A ML ik
FRGEPAHFEGER AR EMNER, ATRREFORMNZR, 5HNERNT COCOHKEEL VOC I EHITER,
5 R FCOS kA i Lk EMA KB E LG FAMESANRZHT 2.3% 4 1.8%, £ ¥ .3 COCO # ¥ & F ¢9> B 4744 m
HARAA BRI,

KEBR.AFEAEN; TEBER;ARHEEN; SREFIE;FELEFHEHHER

mEZESES TP391.41

Improved FCOS Target Detection Algorithm
CHEN Jin-ling, CHENG Mao-kai and XU Zi-han

School of Electrical Information,Southwest Petroleum University, Chengdu 610500, China
Abstract An enhanced FCOS object detection algorithm is proposed to address the problems that the classical anchorless frame
object detection algorithm FCOS(fully constitutional one-stage object detection) has difficulty in extracting target information,in-
sufficient ability to combine location and content information, and weak performance due to insufficient differentiation between
positive and negative sample. The method first adds a deformable convolution module and a global attention module to the Res-
Net50 feature extraction network to improve the feature information capture capability. Then, the FPN feature pyramid is com-
bined with the deep link layer to form a multi-scale feature fusion module to improve the feature extraction effect. Finally, the
adaptive division of positive and negative samples module is added to enhance the accuracy of the test frame to achieve the effect
of improving the regression accuracy. In order to test the detection effect of the algorithm,the COCO dataset and VOC dataset are
used for experiments. Compared with the original FCOS algorithm, the average accuracy of the proposed algorithm on the two
datasets improves by 2. 3% and 1. 8% , respectively. Among them, there is a significant improvement for the detection of small
targets in the COCO dataset.

Keywords Target detection, Deformable convolution, Global attention, Multi-scale features, Feature pyramid, Positive and nega-

tive samples
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Fig. 1 Comparison of SENet and BoTNet heat map
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Overall architecture of improved FCOS algorithm
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Table 1 Improve ResNet50 structure
FEA  HHEGAN ResNet-50 New ResNet-50
Conv_1 512512 TXT7,64, %K K 2 TXT,64, %K N 2
3 X 3max pool. 3 X 3max pool.
Fkh2 Fkh2
1X1 64 1X1 64
Conv_2 256 X 256 3X3 64 |X3 3X3 64 X3
1X1 256 1X1 256
1X1 128 1X1 128
Conv_3 128128 3X3 128 | X4 DCN 128 x4
1X1 512 1X1 512
1X1 256 1X1 256
Conv_4 64X 64 3X3 256 |X6 DCN 256 |X6
1X1 1024 1X1 1024
1X1 512 1X1 512
Conv_5 32X 32 3X3 512 X3 MHSA 512 [X3
1X1 2048 1X1 2048
SHE 25.5X 106 21.8X 106
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Table 2 Comparison of improved FCOS algorithm and other latest target detection algorithms

CHA %)
RS FTFHYE AP APs5 APzs5 APg APy APL
YOLOv32) DarkNet-53 33.0 57.9 34.4 18.3 25. 4 41.9
RetinaNet ] ResNet-50 36.9 56.3 39.3 20. 6 39.9 46.5
Faster R-CNNL?J ResNet-101 36. 2 59.1 39.0 18.2 39.0 48.2
Mask R-CNNL26J ResNet-101 38.2 60. 3 41.7 20. 1 41.1 50. 2
CornerNet:8] Hourglass-104 40.5 56.5 43.1 19.4 42.7 53.9
CenterNet[7) DLA-34 39.2 57.1 42.8 19.9 43.0 51.4
FCOSL6] ResNet-50 38.6 57.4 41.4 22.3 42.5 49. 8
R X7 % BotNet-50+DCN 41.0 60. 1 45,4 24.1 43. 2 52.6
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Table 3 Comparison of parameters between ResNet50 and

BoTNet50
Backbone Epoch Params
ResNet50 100 25.5MB
BoTNet50 100 20. 8 MB
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Table 4 TImpact of different values of hyperparameter £ on
accuracy

k AP/ %
3 38.0
5 38.8
7 39.1
9 39.3
11 39.1
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Table 5 Comparison of different algorithms using ATSS
algorithm AP/ %
RetinaNet+ATSS 36,9(+1.2)
FasterRCNN-+ATSS 36.2(+0.9
R XS %+ ATSS 40.3(+1.4)
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Table 6 Comparative analysis experiment of MHSA+DCN,improved
neck part and ATSS adaptive screening module
CHA 20
MHSA+DCN U, ATSS AP APs, AP;; APs APy AP
38.6 57.4 41.4 22.3  42.5 49.8
J 39.2 57.3 42,4 22,7 43.1 51.5
J 40.1  58.0 42.6 23.0 43.6 51.1
N/ N/ 40.3  58.4 43.2 23.2 44.5 51.3
N N 41,4 60.1 45.4 24,1 45,0 52,6
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