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Improved lightweight YOLOv4 target detection algorithm
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Abstract; In order to solve the problems ol structurally complex, numerous parameters, high conliguration required
[or training, low transmission [rames ol real-time detection pictures and dillicult to achieve industrial application
popularization of YOLOv4 target detection network, a lightweight target detection network SL-YOLQ based on
YOLOv4 is proposed. It improve and optimizes the original YOLOv4 network, and replaces the original backbone
network ol YOLOv4 with ShullleNetv2 lightweight network, integrates SENet module into ShulfleNetv2, reduce the
network computing complexity, add Swish activation [unction to the network layer to make the model convergence
elfect better; at the same time, the simplilied weighted bidirectional [eature pyramid structure is used to replace the
[eature [usion network ol YOLOv4, aims to optimize the target detection accuracy; the importance ol each channel was
determined, thus the redundant pruning was performed, and the model was compressed. The result of a comparative
experiment on open data set PASCAL VOC and MS COCQO shows that the memory ol the model is compressed by
89. 4% , the amount of [loating-point operations ol the model is reduced by 88.4%, and the detection speed ol the
model is increased by nearly two times, which indicates the SL-YOQLO lightweight network can ellectively reduce the
amount of model reasoning calculation and improve the model detection speed simultaneously, and greatly improve the
speed of model detection.
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(1) SL-YOLO 5 YOLOv4 #i . SR EMTAEE
D, R TR R 945 B O I 4% T TR AR A R R
S A W S R IR B A A A AR A R R B L AT
P H R T PR B A PR QR R R T AR RS B2, ik Ah
SRR A B I 45 L B 38 T BY AR, BT AR 48 4 R/ L ks
R A S A R ]

(2) SL-YOLO 5 YOLOv4 48 I, SL-YOLO # #1 &
/N 26,1 MB, RS T 3T 9 %, B 5K T A A . 36 &
TERBEZRWT6 EHTHE.

(3) BRSRAE , Bk Jo A ) 2 (R Pk A AR AR T, 4
BINHER/DMEERE NG HERER T MM, BR
BBUE IR T H AR B o 2 1R R R B iR A 4 15 R
T — 5 BT A T e 205 22 T O AR Y A U R A
E YOLOvA #2F+ T 4.4 %, B 5 YOLOv4tiny # H 4

(RS i BE 4R | T 10. 1%,

2YMS COCO L 4E L3 43 #7

A MR AE H BT B9 SL-YOLO A &I 72 MS COCO
PR LR T AT I 2 ZE IR S R T AR SOR S R 22 5
E B T 1 R 2E A7 ARG T 4 AT ALY 0 3R 2 R 6 B A 3R 4
Fs

%4 SL-YOLO 5 YOLO.SSD 7£ COCO kg5 Rtttk

fm) AP,ToU AP, Area
0.5+:0.95 0.5 0.75 S M L

SSD 22.3 41.1 23.5 5.6 23.9 39.4
GhostNet 25.7 44.6 26.9 8.3 27.1 42.8
EfficientDet 27.4 46.7 28.6 9.6 29.6 39.7
YOLOv1 10. 2 60.8 12.3 19.4 12.14 354.0
YOLOv4tiny  29.6 40.2 31.4 9.8 33.5 41.8
SL-YOLO 36.8 51.3 37.3 11.7 37.7 48.4

Ho AP Rl ERE, Area Fm 3 FRE S,
ML A HiIX BN o K B4R, Tou TR HIZEIF HL{H.

M 4 BN, Bk ) SL-YOLO % 2 4k &% % 7 MS
COCO A FEEH A T B RS 18 I8 A%+ YOLOv4, JR N7
F SL-YOLO #AM S B m I g sy A BB S K4 5 . 0
SHEESUHEEIT THKREE RS E < 585 ER
FEER — WK, TRTBEN TG NE R BRI,
FHH MS COCO i /- K8 4 £, i =2 808 4
"E,

3B YOLOvA, YOLOvAtiny, SL-YOLO 3 Fj & %1
X MS COCO Ml £ 1) BTG TR 3 B 25 SR At an i 11
i,

XS gE IR 5 R 11 v RUE B, SL-YOLO 5 YOLOv4
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(a) YOLOvARRHIZE 2

(5) SL-YOLOf M 45 £

B 11 f8 MS COCO $4E 5 b R 3R i

BRI R I 26 ST - AR RD , R X T — /N B bR 948 0 45 SR
BRZE AL TE ARG B T 42 2 Y 1L P R B R
XA TR AEEZ . HE T YOLOvAtiny X Fi3E &
BaAME %, SL-YOLO BB A K /MFE K, {H mAP &
KIm R Fr, B35 3 B A £ A K, 3 B YOLOvAtiny
mAamsgE R REUERTE. SEBH N IR R
JE .mAP RF& ,SL-YOLO i S B TR

3.4 REZHFERNRSE

R SRR AR ST iR I S B R AR BRI — AT s
ikt R RS 2 3 I A2 Y I 28 40 ) B S A T TR Y 4 R AT
R, FAREKFEEHET Android £ A Sk 529 F 917 1 89 F
E. REMEOHE RIS ERAREE Bine SR Y
RTS8, DR B 0 B A ST B 4 1 A K
P,

A Z G F PASCAL VOC #4t 4& #1 MS COCO #
P4 MR R ST LU P S R s e e L i A
R#ETAE, SAHFENAL AL ERERLEES
s HEATAN B, = i AL F SL-YOLO 52 b B AR 0 58 15 %
HARSEAT I B B e B R ) 45 R R o B8 3ok . B 3h o
WK GER R mE 12 B, BdiRgRTUEL. R
B2 ok T U A R 00 A B R 3 HLIRUN BB B O A

12 i R R4



R E LR TR YOLOvE 692840 B AR m 5k 516 1

o T ER T RLAE HE AT B A A I Y R O, B X
YOLOv4 5l B » A SCHR T — F 58 T 80 3 YOLOVA #Y
PR ARKE AL SLYOLO, #ifsl A SE #ik 5
ShuffleNetv2 F2% BTG 35 21 78 P f57 o o 00K 2 19 )
I A A PR IR S B R FR 0 B i . TR I 5 46 F5 A A AR
KU A 7 8 (L-FPND 25 B # YOLOv4A B9 R AiF Rl &
&% , A6 J5 1 BIFPN 25 4k 7K T PANet 3L ju] £ 0F & &
A B TR B 302 D T A T B R RIS A =
FIHUH L E W0 A5 FRIR BN 7] I 42 & T A 7] J2 B R E B
R, TR T OB R R R . TR A SRR WL A I
FHAl B ARSI 3 3%, SL-YOLO B3 i 46 100K 2 5 46
PR REWE LR R . TERRABTR T AR, ik
— Ak SL-YOLO fy§e & Al Bk J7 723 1T 5B R IERE
it S & 2 80E AL EL R /N B B4R R 8 Ao K i 5 e
I R AT AR AR T SR BT B K
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