®10%E Lo = B
Vol.10 No.6

it 82 M 5 & A
Intelligent Computer and Applications

2020 &£ 6 A
Jun. 2020

XEHS: 2095-2163(2020)06-0199-04 hESES: TP391.4

YOLO X BEYNIEHIEN R HAREN A
B/ Nk

(fEE MBS IPNlAA G /58 TR AR, fM 350007)

SERAR SRS A

W OE. AT RBFRGEG R AERE LR, FANE S AP A BN HSERETRAFENER LS E
T EF R R TIRES I B AR R A T o ilig | SA M F kB L it H ok AR, £% K YOLOv3 H ikt
BB BAr R AT AT BAFHATAN B d R o T AR ERBREARPHEA R B R FRERF, TR L
KA %Rt B AR RAET AF

XKEER . BARR,; @B, YOLOV3; RESF T

Research and Application of YOLO in Traffic Monitoring Target Detection
CHEN Xiaoe
( Department of Information Engineering, Fujian Chuanzheng Communications College, Fuzhou 350007, China)
[ Abstract] In order to promote the rapid construction and development of intelligent transportation, it is very important to realize
automatic, accurate and fast target detection of static images captured by traffic monitoring. In recent years, the research of target
detection based on deep learning develops rapidly, various detection algorithms and their improved algorithms are emerging. yolov3

algorithm is used to detect various vehicles and pedestrians in traffic monitoring. The accuracy and recall rate of the algorithm in
traffic monitoring target are analyzed by experiments, which provides a reference for target detection in similar application scenarios.
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Input
output shape:
(batchsize,h,w,3)

CBL x1
filter num: 32
feature shape:(h,w)

Residual Blockx1
filter num:64
feature shape:(h/2,w/2)

Residual Blockx2
filter num: 128
feature shape:(h/4,w/4)

Residual Blockx8
filter num:256
feature shape:(h/8,w/8)

Residual Blockx8
filter num:512
feature shape:(h/16,1/16)

Residual Blockx4
filter num:1024
feature shape:(h/32,w/32)

Conv2Dx1

filter num:num_anchors*(num_classes+5

feature shape:(h/16,w/16)

CBLx1
filter numb: 512
feature shape:(h/16,w/16)

feature merge
filter numb: 256
feature shape:(h/16,w/16)

CBLX1
with upsampling

feature shape:(h/16,w/16)

feature merge
filter num:512
feature shape:(h/32,w/32)

CBLXx1 with upsampling
filter num: 128
feature shape:(h/8,w/8)

Concatenate
output channel num:768
feature shape:(h/16,w/16)

CBLXx1
filter num:1024
feature shape:(h/32,w/32)

Conv2Dx1
filter num:num_anchors*(num_classes+5

feature shape:(h/8,w/8)

CBLX1
filter numb: 256
feature shape:(h/8,w/8)

feature merge
filter num:128
feature shape:(h/8,w/8)

Concatenale
output channel num:384
feature shape:(h/8,w/8)

Conv2DX1
filter num:num_anchors*(num_classes+5)

feature shape:(h/32,0/32)
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No
Residual Block(num_filters, num_blocks)
7 CBL CBL CBL repeat Yes
irl(? filter size3X3 filtersize1x1 filter size3%x3 Add num_blocks
Padding filter num:n filter num:n/2 filter num:n times?
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Fig. 1 Yolov3 model structure
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Fig. 2 Core code of extracting video frame
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Fig. 3 Sample pictures of data set
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Tab. 1 Target number in dataset

bicycle bus truck person

A% car
B 21 140 3 900 880 1430 6 950

Tab. 2 Target pixel size distribution
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Fig. 4 Some pictures of test result
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