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Lightweight Target Detection Algorithm Based on Improved Yolov4-tiny

DOU Zhi' ,HU Chenguang' , LIANG Jingyi' , ZHENG Liming® and LIU Guoqi'
1 School of Computer and Information Engineering, Henan Normal University, Xinxiang, Henan 453007 , China

2 School of Mechanical and Electrical Engineering,Jinling University of Science and Technology,Nanjing 211169, China

Abstract Video-oriented deep learning algorithms have high computational complexity and are difficult to meet real-time require-
ments, which seriously affects their applications in edge computing and real-time systems. Lightweight networks have become one
of the research hotspots. Lightweight networks for large networks significantly reduce the scale of the original network parame-
ters and improve the detection speed,but the detection accuracy is had to meet industrial needs. In view of the above problems,
this paper proposes an improved lightweight target detection network, which can effectively improve the detection performance
while maintaining a small parameter scale. In this paper. the vision transformer (VIT) structure is added to the YOLOv4-tiny
backbone network,and the multi-head self-attention mechanism enables the network to extract deeper object features. Using the
simplified Bi-FPN, the two detection channels are changed to three detection channels,and the attention mechanism is introduced
in the feature map fusion node to improve the models utilization of image features and the network’s detection accuracy for ob-
jects of different sizes. Using Ghost convolution to replace traditional convolution operations,so as to reduce network computa-
tional complexity and network parameters. Experimental results on the COCO dataset show that the improved algorithm has sig-
nificantly improved the detection accuracy of the original YOLOv4-tiny network while keeping the network scale unchanged., it
can simultaneously meet the requirements of edge computing and real-time systems for the lightweight and accuracy of deep net-
works.

Keywords Object detection, Lightweight network, Multi-head self-attention mechanism, Weighted feature fusion
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Backbone #F 43 % i CSPDarknet53-Tiny ™ %%, Neck #F
I3 R JHBRAE 42 7 85 W 4% FPN, Predict #2341 2 A 204
fE )2 Yolo Head, YOLOv4-tiny f#i i CSPDarknet53tiny 1
BT MY, i CBL J2 (Conv+ BN+ Leaky Relu) ,CSP JZ
(Cross Stage Partial) #l i K i £k )2 (Max Pooling) # 5% . &
TREHM A CBL)JZRH K/ 3x3. 2K 2 WEM
¥ At br E 1k Ak BE BN (Batch normalization) fll Leaky Relu

YOLOv4-tiny (1) ¥ £ 25 ¥4 [£]

Network structure diagram of YOLOv4-tiny

T PR OB A, A S AR I R AT R R AR R AR
BT MEARNE CBL K/ R 3 =3 KN 1 HWERZY
B A B 058 R YRR AR 2 20 RE 7. A T I 45 o ) B
T 3 W CSP AL AZ KR/ANR 2 x 2. 26K N 2 95 K fk
2, HAE FH S AR AE TR % BEARE , DT 06 20 I 45 1 11 3 i
CSP & i £ 4> CBL 4 a1 5% 22 B2 8L, 7 A 2% b % {15 ) 4%
H 2 3 AR BB 4 3T B8 0. 0 B B T R RN OB B O K BT

220700006-2



O ET U Yolova-tiny (%2 58 B broke I 5375

R ST R SR K kR . R TR 2R
#) Neck #43R H FPN M 4%, % 13 * 13 R/N IR )R &
it FORAEIRAE S 26 « 26 K/N B RHAE 2 HE AT RLA L AT R
B RRAE Bl A O RCSR . FPN R 48 £ i DA R ) K/ B
AEEL, 43 50 FF R K B AR 5 /N B AR 0 R AE B 4 0
Yolo Head ff# % J& . 7] 153 | & A~ 8 4E 19 07 & {5 B A28 00
M=

3 YOLO-TBG &%

AICHE YOLOvA-tiny W45 B9 JERE L 42 H T 3 Bl 59
[ 44 45 %1 (YOLO-T, YOLO-TB, YOLO- TBG), YOLO-T 7E
YOLOvA-tiny f3E6E &, 768 A B & 5 HLH 1 CNN 4 2
BAE O WK R EBARE B A 2R, A S ki
AR B SCME B 2 A AR OGNt 9 R AT 1B 1 A
SEHAS A S ST AR, AR SGH TSRS T M oA

Input
(640%640x3)

VIT 4545 2k 38 0 W0 25 I 2 i IR B L 7E 55 — A~ CSP 19 s s
VIT ¥y B2 R T FPN i BAEE A BES A VIT itk ok
rbERe IR T .

LY R KT B bR R SF RN AR —, YOLOv4-
tiny [ 4% 45 AL FLBE T R R /N 19 R AR R L RO 9 R —
MES MR . T B2 mB, ®ATRE T YO-
LO-TB W £ # #1 . 75 YOLO-T 1y 3% aly b 9 47 3 — 2 ok
HE 5% B-FPN BB 5 50, BRI A FPN A B — i
A T A AT B A o =l A
N SR ABEFN R SR BE R AR, XK [ AE 2 AT AR AE @A,
AT SR ERENT EEMEMERATER
JIHLH . B BEJE B9 YOLO-TB W 4% 46 R 2 80 #3440
SN, R T 7RO B R Y[R BB AIE 45 A 4k L R AT
i Fl Ghost 45 He B 3 1% 45 45 FRBL B, I 445 3] YOLO-TBG
W4 . 9 4% S5 H AN 2 TR

B2 YOLO-TBG %45k [l
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Table 1 Performance comparison between the improved YOLO
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Fig. 9 Detection results of YOLOv3-tiny, YOLOv4-tiny and
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