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Abstract

In view of the problems of large network model, large amount of computation and low operation
efficiency of YOLOv4 algorithm, this thesis proposes a lightweight model of YOLOv4 based on
GhostNet. The CSPDarknet-53 in the original network is replaced by GhostNet. And partial convo-
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lution is replaced by some simple linear operations to reduce convolution operation, thus reduc-
ing the number of arguments and floating point operations. Then, CBAM module is introduced into
GhostNet, combining channel attention mechanism and channel attention mechanism, to enhance
the model’s attention to effective features. In addition, HDC is used instead of SPPNet in the origi-
nal network to reduce the loss of shallow network features. Finally, the improved algorithm is
compared with YOLOv4 algorithm based on other lightweight networks. Experimental results
show that, compared with the original YOLOv4, the size of the lightweight model of YOLOv4 based
on GhostNet and attention mechanism is compressed and the detection speed is significantly im-
proved under the condition of less accuracy loss.
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1. 518

Bl 5 IR L 2 ) I HOR AW ZE T, 72 B AR I 7 1 B B TR FE B AR A M 4 1 — RINVE L G, 1
TRPERRE BE EACHUS TR D . BRI A L ST T IERFAESR I, 1 AR DL & B AR 2 2RI 050

H T2 TR 2 0 2% 1K) B A der ) 02 KAR 43 A2 BT Bos Il &%, filtn, R-CNN [1]. Fast
R-CNN [2]F1 Faster R-CNN 5583 BB Bl 5%, 14 YOLO SEAT SSD S5 51 [3]. IR B H brks
WA IR, Jeld A s X, SR a0 gk X AT 7028 B, AR Eas . Httn] I,
KRB RE, IR, BEORMESE, (R4, TRFZ=FHNTRMA M B RE
RN—NHr B, RIS B H bRl 5% . 2SR ERIE S H broe A4 a mH, ] DL— 53R B H bR )28
NEZR DL ABARAT B, AT FHARIEAES] o IXREVE BARPE TR 2, (ER A I A vk iff et AR T
TG IR P B B H A ar il S92 2 o H bR 5300, O 1 SE A gk AT H FRRRIESR I, X 48 2 B0 iR
th, (BRI FECT SHERE, WORHIEN 7R ENEEE, JF XA SRR S R R
[ A4 [6].

TNV U M AT R B4 %it, 2016 42, landola 2576 SCHR[7]H 42 SqueezeNet %% &1k
%%, 1% 2% S 5T Fire module BB EE Y, 55 Inception MY 2% 44 8 — 30, Z8E A /b . 2017 4 Howard
SETESCHR[8]H #2 H Mobilenet_v1 32 A4, FEARMLEEESINMRER 0BG, FR 5B NMES
¥, s S A EA R RK. F4E, Zhang £ AR T ShuffleNet v1 #RIbM%, %505
A HAERCE 1 x 1 B8, 333547 Channel Shuffle, A pGEE AME B H, FRIEMZMERE. 2018 4F,
Mark [9]Z57E SCHR[9] 2 T Mobilenet_v2 s K24, 1% M 2% & 1E Howard [3&a F 51N T 5% 25/ 2%
PAK R AR A5 44, FH Relu6 S0 B BAC #: Narrow layer J5 () ReLU, RN Relu6 7839 i 45 23 1| JE £ vk
FITHEINA R, XFEREE ORFFRAIE 2 FE 1, ORI RIERE J1. [F4E Ma [10]%F AAESCHR[10] 4 $2& H
ShuffleNet v2 &AL, ZMWEEERIMHIE, — D0 SCAEBIE, — Do 3CER, RIERPHEHET
Channel Shuffle #:/F. 2019 4 Grace [11]%7E CHA[11]+H$EH Mobilenet v3 #EALIIEE, %M 452Xt
Mobilenet_v2 [fjieidt, 7£ MobileNet_v3 i 5edE AT F¥iib[12], FAEAH 1 x 1 &R, (RE T mdikett, &
J/b T 4R, 5 Mobilenet_v2 [BE S AH 2, 4k, Mobilenet_v3 3 Z$H 7 NAS (Neural Network Search),
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FEINBEHIERE JIEAL(SE) h-swish WG R, {5 x 5 FIEAA[13]. (H2IX e 50 W 25 #RAFLE [F]
— AN, WG, 1T eisEEIEE .

AL YOLOVA Bk AFERl, X YOLOv4 HH TR EM G, W/DIFmis®, Mimse i . 5
GhostNet 3| X YOLOv4 5%, B JFEM % d CSPDarknet-53, 1A FI i ] 58 /b ) 2 B8 AF iR 2 4 R0y
TERH . 35 HAh R BAL R AT R E, 364 GhostNet B9 Rt o AARIIE H ARSI RI#S 5, 7E GhostNet
W28 b 5| TR AR IHLEI(CBAM) [14], 45 W28 A BTN SGT A AM{E B, IRBUE A RUKRHEE B,
i Fl HDC (IR & 2 TR E M 2 Hh ) SPPNet, {5 B2 MIRERIE, M ARAIEAS I RS

2. BRWA
2.1. YOLOv4 &%

YOLOv4 SEFAF sl A HARAS U A I T 5500 AR S5 1) Y OLO SR ARSI ZA) | M A 24
ETMLE WIZEINNZR BT R AR 0 R B B AN T TR 1 G [15], Sk 1 s
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Figure 1. The Structure diagram of YOLOv4
1. YOLOV4 Z5# [

M EETTPAEH, HETMLEA T CSPDarknet53, i%#lor 52— KA ZE MR R, #RE4
B, bl ris HEMR K. MHECT Darknets3, ‘B340 SPPnet (Spatlal Pyramid Pooling network), /&
SPRHE BT AN FIRE E AL, H B2 INEZ BT, (R XS PR TR E ) o e e, BRdw—
R (5 . HIRAE neck #7> % PANet (Path Aggregation Network for Instance Segmentation), 78743 fil!
HRHIE[16]. JEAR[) YOLOVA SyEAERR BEVH R J7 I 1 kkh, BRALR)E ST Re 0 A i, (HRERTS
HEMEEIEE K.
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2.2. Bt

ASCE ST BT RTA A X YOLOVA Bkt AT it .

1) £t YOLOVA Bk mis Ha KM E, A8 GhostNet [17]48% CSPDarknet53, {#H]
fal I ZE M B AR B E A BRI E ML, DL S8 DT SisH &,

B FRHEERE BIMRHEE W 2@ PR, FHEEBESREEAR, ARZARKERE, HiFHE
HEN:

Q, =nxh'xw'xcxkxk 1)

ASCAE YOLOVA [FHRFIEFEEUM 45 51 N\ GhostNet [A12%, it A 6 B A 45 5 VB R, 55 —aEat
BRUVE SRR, B IEEECH mx s, WA m ANRFER; 55 00 B 26— UK RRAE P B it
s — LAHTRHER], AR mx (s —1) AMHEE], SR AER GBI B R IE B PR R MR i,
G HEEHGE mx s,

Cory
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Figure 2. Ordinary convolution and Ghost module
[ 2. EEETRS Ghost module

ik 2(b) iz~ , Ghost module 7E1E4T I8 5, Identity 557 /E ARG R4, i A E s X e Rexhxw,
Hp ¢ NI NEIEE, h REASIENK, w RBAZBIERNS, f eRexkxkxm, k Z2&FZRT, m
FEFRUEB TR D AR ECRE, m<n T 25T R A K.
Y=X=xf+b )
Hrf, Y e Rmxh'xw' 2 HAFEE,  h' Al w' 2 5l RE E KR sE, b FonfmE. AR
PEERAEAS B R RHE B -
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X PR VR e
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TRABRZIE IR IE L.
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R:&: SXC (5)
Q, c+s-1
Hrpdxd 2L ERINZADN, HIEES kx k FTREALL s < chif:
SXC S
R~ = ~S (6)
c+s-1 1JFS?—l

Y dxd=kxk i, ] Ghost Module {13 i _FRELLFEAIETT s £,

FIW> Ghost Module 3473, #J5% Ghost Bottleneck, Filjk 245 F A Le3sql, 55— Ghost Module
Je N T IGINFFIELERE, 55— Ghost Module J&2y s/ D RFAELERE, {8 HOmE $ S 0 g R s iE £ — 5.

RARUE H ARSI (RS B, FHA T R UG T GhostNet (4%, A SC LA 25 Ay 2 1 Fm v & 21 AR,
E GhostNet FFEFEEU M 25 HH I T CBAM £k, il 3 fron . 7EifIE A4 (] L8 attention. 25—35,
XA NEAE BT 4 R S ORI A AN 4 J R tAY, 15 2P0 MRRIE U, X BLRE T E v L AT 5
TP, KBPRAMFHEEPHE G4 1 a3 =00, 8 sigmoid AR AR R JIRHIERE; SR,
I 58 =28 BOARRAE P13t DI B P i N ARFAE P81 A i 2R AIE IS
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Figure 3. CBAM
3. REE A

Figure 4. The rate of atrous convolution = 2
B4 mRE =2 HEFER

3. EW5 S
31 SEEFARIE

ARG E %K CUDA 10.2 PL K pytorchl.2.0 4afis 5 <28, 4/ T NVIDIA Geforce GTX 1080ti 11G
AT ESHLEW T Batchsize =4, #J4H%% 2125 0.001, Epoch =100, HiAE L~} 416 x 416,
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N T BAEAS YR SEIG (A R, ARSI (K A R B AR ES I AE RIS RS R, SR IR SE A T8
PE4E PASCAL VOC2007 + 2012, iZHEE4sE—3t 11,530 skFrykit i B, 3t 27,450 Mk sibr e, —3t
20 355, H Mobilenetv2. v3 LK ShuffleNet 43543 Ji 99 24 b 1) H brgg B 284 3 B sz ie . i
A YOLOVA HEAT I 48 AT I 5.

3.2. SLIREER O

ARG K P-R B A A RAL M RE IS PARvE, P-R Bh2k DL [ (Recall, R) VRS AR, DLRSHER
(Precision, P){E N\ AL bR . i SZIGMAR, 75205 AR RS . BT BT AR AR S i %2, R
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Figure 5. P-R curves of car class under different lightweight models

Bl 5. RREZEEET car X8 P-R sk
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Table 1. Comparison of each lightweight model

1 ENRENIER

Model (% T YOLOv4) Parms FriaHE MAP/% FPS
ShuffleNetv2 48.42M 120.46 81.96 22.62
Mobilenet_v2 44.74M 115.83 82.73 23.34
Mobilenet_v3 43.58M 107.48 87.86 26.71

A 19.53M 62.56 89.54 44,63

DOI: 10.12677/csa.2021.119238 2338 TR 5 R H


https://doi.org/10.12677/csa.2021.119238

4

K/

pa=i

’ “/Ei"k‘_

i

class: 86.55% = bicycle AP

class: 91.51% = bicycle AP

1.0 1.0

0.8 0.8
c c
:% 0.6 -% 0.6
[} ©
[}
£ 04 f£04

0.2 0.2

0.0

00 02 o4 06 08 10 °%o 02 o024 o0s8 08 10
Recall Recall
ShuffleNetv2 Mobilenetv2
class: 90.33% = bicycle AP class: 94.53% = bicycle AP

1.0 1.0

0.8 0.8
506 506
@ @
8 8
£ 04 £ 04

0.2 0.2

0.0 .

0.0 0.2 0.4 0.6 0.8 1.0 0 %.0 0.2 0.4 0.6 0.8 1.0
Recall Recall
Mobilenetv3 ARILEZE

Figure 6. P-R curves of bicycle class under different lightweight models
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Figure 8. Visualization of the test section of the dataset
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Figure 9. Visualization of self-fetching data test
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