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Research on object detection based on improved Yolov3
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[ Abstract] Object detection plays an important role in video monitoring, driverless systems, and mechanical automation. In the

context of big data, traditional object detection algorithms can no longer meet the high performance requirements of people. With the

rapid development of deep learning, researchers have developed high—efficiency object detection frameworks such as Yolov3. In

order to further improve the performance of Yolov3 under the different datasets, this paper improves the Yolov3 performance by re—

adjusting the values of anchors and increasing the scale fusion method based on the KITTI dataset, and further improving the Yolov3

performance by adding data to balance the categories. The experimental results show that the improved Yolov3 has a mAP increase of

nearly 6% compared with the original frame. It shows that the improved Yolov3 has high practical value.
[ Key words] object detection; deep learning; scale fusion; balance categories; mAP
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Fig. 1 The framework of Yolov3®!
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Fig. 2 Residual network
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Tab. 1 The value of anchor in COCO dataset

FHEZ  REEIRN anchor {H

FRIEZ 1 8x8
FRIE)Z 2 16x16

(116,90) .(156,198) . (373,326)
(30,61) .(62,45) .(56,119)
FRIEZ 3 32x32
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Tab. 2 The value of anchor in KITTI dataset

FRIEZ IR

(10,13) ,(16,30) ,(33,23)

anchor {H

FHIEJE 1 19x19
FRIE)Z 2 38x38

(89,157) .(121,267) .(181,346)
(23,168) .(55,100) .(44,280)
BIEZE 3 76x76

1.3 ZREW®N

Yolov3 HARGIIHESL (i F T 22 RUBE A, Y
SCHHRERIAY 19%19 38%38 .76 X76 = A4 J2 [H
Fis G ) A SRR A o ) P 4, HLAR I anchor H A (EL
o i T A X ARy O R R R A
AR B ARSI A5 AR | L2 X6 /NP AR A7 7 ARG, O A
AT, AN SCEE R KITTI B 5, 384 fin— SR aE R
JE AP TG IRG B . = RUBE 15 U RO G A 760 4
3.4 Fim, BN T —ARE B, W) anchor {E

(16,41) .(11,98) .(31,66)




314 &

o>
[y
:A‘:
b

L5 B A 59 %

e SCHRT AR AR 3,

76x76 38%38 19x19

Yolov3 ¥l

B3 =RE®RN

Fig. 3 The three scale fusion of detection
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Fig. 4 The four scale fusion of detection
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Tab. 3 The value of anchor in KITTI dataset

FHIEZ  FREERN anchor {1

FEAE)ZE 1 19%19 (115,207) .(136,307) .(193,354)
FHIE)Z 2 38x38 (55,126) .(87,139) .(59,295)
FRIEZ 3 76x76 (34,89) .(55,74) .(29,222)
FHIFJZ 4 152x152 (14,41) (26,55) .(13,118)
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Tab. 4 The number of images in every label
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Tab. 5 The value of anchor in KITTI dataset after data
augumentation
255 Bt/ 5k Mgt/ ok
Vehicle 33 261 81
Person 4709 1349
Cyclist 1 627 1717
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Tab. 6 The parameters of the experiment computer

fg it
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Tab. 7 The parameters of the basic experiment

SRR SR
batch 32
subdivisions 32
momentum 0.9
decay 0.000 5
learning_rate 0.001
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Tab. 8 Experiment result

Sl K/ ik
Vehicle 33 261
Person 4709

Cyclist 1627

S mAP
JE 46 Yolov3 JUth+R 4 FERT A 0.738 1
J5 45 Yolov3 2244+ 8B4 anchor 1 0.771 7
R — A R +FB T3 anchor (] 0.781 9
PURUE Yolov3 4244+ 5" 7 0.791 2
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