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Improvement of Tiny YOLOV3 target detection
MA Li, GONG Xiao-tian, OUYANG Hang-kong"”

(School o f Mechatronic Engineering and Automation ,
Shanghai University, Shanghai 200444, China)

% Corresponding author , F-mail . hankow@shu. edu. cn

Abstract: The Tiny YOLOVS3 target detection algorithm has a high error rate for small targets, such
as pedestrians, in real-time detection. Therefore, this study aimed to improve the feature extraction
network, prediction network, and loss function of the algorithm. First, a two-step convolution layer
was added to the feature extraction network to replace the maximum pooling layer in the original net-
work for downsampling. Second, the traditional convolution was replaced with an anti-residual block
constructed by a deep convolutional convolution to reduce the model size as well as number of parame-
ters and increase the high-dimensional feature extraction. Third, based on the original two-scale pre-
diction of the network, a scale was added to form a three-scale prediction. Finally, the boundary box
position error in the loss function was optimized. The experimental results demonstrat that the im-
proved Tiny YOLOV3 algorithm achieve a target detection accuracy that IS 9. 8% higher than the o-
riginal algorithm, satisfied the real-time requirement, and demonstratedrobustness. The proposed

method can better extract target features, and the multi-scale prediction and improvement of the

B HE:2019-11-98; 11T H#1:2020-01-01.
E2WB EHEAARFESEIIH A (No. 61573238) ; [H % & A AF & %I % Bh 55 H (No. 2018 YFB1309200)



Al

o 57,4 . Tiny YOLOVS3 Hbr e i i ik 989

boundary box position error can detect targets more accurately.

Key words: target detection; Tiny You Only Look Once V3(YOLOV3); depth separable convolution;

anti-residual block; multi-scale prediction
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2.1 Tiny YOLOV3 &%
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Fig.1 Tiny YOLOV3 network structure
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Fig. 2 Figure 2 residual block and anti-residual

block structure

x1 RERERSH

Tab.1 Anti-residual block parameter
LTIIN R i thy
hXwXn Conv 1 X1, Relu hXwX2n
hXwX2n Conv DW 3X3, Relu  h/sXw/sX2n
h/sXw/sX2n Conv 1 X1 h/sXw/sX2n

2.3 MEERINGH
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Tiny YOLOV3 At BRI R SFAL K 0.4 M, b B
— 5K T iR s N 0. 17GFLOPs, 2/ T
YOLOV3 #A - 5 , R K/ s 5 it Bl
PG 6 i A 3K R G S ARG T R,

R2 FRAMBERRNRITHEE

Tab. 2 Different network model sizes and calculations

ALK BRI SE /M 35 i/ GFLOPs
YOLOV3 246.5 65.7

Tiny YOLOV3 34.7 5.56
(U@L R7S 35.1 5.73
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Improved Tiny YOLOV3 network model
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Tab.3 Test results of algorithms trained with different

data sets

IR B4 PR mAP/% FPS/(frame * s)

KITTI YOLOV3 83.6 23.6

Tiny YOLOV3  60.3 35.5

@z =R7S 70. 1 32.7

INRIA YOLOV3 75. 8 23.6

Tiny YOLOV3  46.9 35.5

U Ak 65.7 32.7

vOC YOLOV3 81.2 23.6

Tiny YOLOV3  58.3 35.5

W B 68. 1 32.7

RA¥IESE  YOLOVS 85. 1 23.6

Tiny YOLOV3  61.4 35.5

BIGIRERCS 71.2 32.7

R4 BEHEERGHEELRNER

Tab. 4 Detection results of algorithm on a mixed data set

Tiny YOLOV3

Bk AR J5 5 AP/% mAP/%
YOLOV3 ML 3h 4= 87.3

m /N 16 pxl AT A 76.5 85,1
B 16~32 pxl YT A 85.
EEERT 32 pxl AT A 86.7
L34 75. 6

EE/NT 16 pxl IFF A 38.6 61.4
WA 16~32 pxl 94T A 45.3

FERT 32pxl AT AN 577

GIR-IER 76.3

EE/NT 16 pxl FT A 58.3 71.2

(2]

I

b

S 16~32 pxl AT N 67.1
EREEART 32 pxl BIFT A 72,9
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Fig. 4 Experimental results
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