A2 53 2
20234 5 H

ok ok R o R

Journal of Huazhong Agricultural University

Vol.42 No.3
May 2023, 143~151

AL, 2 F AR AR FETHE YOLOVT MK s 3 Bl ik [T ] A el R 241, 2023,42(3) : 143-151.

DOI:10.13300/j.cnki.hnlkxb.2023.03.017

E Tt YOLOV7 By/KFEE RIRA 7%
R EEM, AN

1L ERZRFRAME AR TARPE, FE 404000; 2. T AL FHREAKSE £ 682215, F & 4021005
3P ERAKF(FEN)E R GIS TR PO, &KX 430074

TEE AR E BARALN ORI 28 7003 L AMI2E /0N | R 28 70 5 BUR R A o R A2 2 K S 8ok
e Al LAY A IR0 R A PR B B ) FVRAAE 4 I8 e | AR B4 YOLOVT . LU SR i KA
T 3 i AR AR S A P R — A L PR 0 R K R R B R A 5 AR R AR A A 5 A A TR e , 5 T
BEAILIE S Mixup , Cutout F5UHE 1 38 75 1% , (VR 85 2% 20 AE 700 DA B VR 114 2 2 > 3 e S 331) 1 R 5 R 5 % Mobile-
Netv3VER FT ML, % YOLOVT W45 HE1 T RGHE , FRA 5L FRAAE 4 T4 10 22 RUBE Al 28 I 46 D, B T /NN 1R
RIS B o e 25 R R BT B0 YOLOVT (7K A S 3 A6 1 35 HERf 22 8 85.46 06, R YOLOV7 (Effi-
cientNet-BO S M2, 2t YOLOv7 BERIK Nk 20.6 M, K I &k 92.2 /s , A8 D 3 4 2 IR i YOLOv7 5k
M SRELL Lo SR, % A BE F T SE K A H e AR S H sh Ui .

KA
RESES S4319  TEERIRES A

KA HUH R U KRR R 2 A A 7 Y 2
Z—o M TIREKFEFAER, M2 7oK, AE %
A J, R R IUEEOR R 2 R R R
R KRR HUE B G TAR R BORPR AR . DK s
o HRLU SR AR L A I AR R e R
TR BOMIR S S RO N RS, RE A
4 DR R R RO R A E 5 90 AR R, R
YHE A b 2 4 7K R AN (] AR B 4] e B S R R 55 IX
B, BE A PR R U X P Vi B i, AR AR A 3 %o 7K A
AT A TR, XRgEE e E B 25 RS
BTG Y, AR GEoK R B3 W I 3= SR T & 5l
ok A SO AR P AR 25 3R T R AR R A T
FH 3 A LA T 5 25 32 0 300 51 5 vk v R
LRI VIR G, [R50 i f e o BB e
I, R LA A2 S5 B A 77 i RIS PRkt e 357 1 00 14

P AR BT AL AL Y K Rt s B A iR
HORGIREPHIF TAEE W OCTE . ST I BEAR
PR T S b R 8 R R B | SR 5 H
b SR MY € S0 v o [ i P SRS

Wk H B 2022-09-27

BAIH K A RR AR A I H (42271397)
5, E-mail : zhengguo19840@163.com
WAEVEE . 2EHM, E-mail:jysong@126.com

FEAY ;TR WE S BRI Y 2SR T 5 RGP 5 H 3 i)
XEHS  1000-2421(2023)03-0143-09

B Z80, focJo A0 MR B rh S e S e Mg . A
PBEFFAE R A BE G, B AL 058 1 K R 1R
PN 3 K BT LA W2 - 3T TR0 R
FIRBE AR T TR AR AR AN TR 5 & 1%
B, SO D G AEAR R AT R A R R
TIF R IRABERY ) e 25 P Jes A O 4
F- TARFAE B FRAIE R 7R ] B, A0 VR 2 3 2R 17 3=
ik R, 78 SEBR R Y, R 2 80 F T ARELL & i
FrRbve ek o (ot oS S 25 5 At o P 45 R AE o
FIVRE 7S 2 i 45 1) J51, AR 4 5 b H AR 3 HupA R RN
IR T 75 B A3 B R T /NI [ o B 9 4 JR R
FRAE | Jar 3R S R AE LA e — 3 il 4 6 K e H AR
UGG BRI o 86 S0 4R T Bl AR
TR B E S A HSV B E R STL TP SO RRE
K FHIR BE 15 A7) U-Net W28 2R 2 2435 5, 51 A
X B30HE LA R A DX 3 e e e R 7R AR R HROK
e H 5 PG 2 ) 235 F FIE SCERAE , X6 HL 3 RS AR A
(TR G RAEAT S . A 45O T X K R L 2
BRI AR REAS 22 A B 28 SR R S I, 42 Hh B F
TE) s 85 7 7 PR A 38 A A A A i )



144 LRI I NI <3 4

o942 %

J7 AR OK R U BRI R R o TR 24 S R AE
6 10 1 TR 28 ) 25 A TR o Pl 5 o ST A B R AIE 3R
Ko JTIZ N B 2 I % A TR SR TR R A AR 2
2% R RLGE A S SRR A2 TR R
AT MR 2 R Y B R R
fiE IR AE 7, W 25 B Y 3 1 IS 2 6 FRZ 0T DL
Jr iR E G RHE , SR E T DRIREE 4
SRl SCRRAE o 5 TF TARE A [R] , 2B B RRAE 2238 2
G AG 3R v 2 2] BAT F00 1 R AR, LARRAE 3R 3k
SR8 5 VA 56 i F TR AE 23k 5 U1 2 508
Tk Ml 5 XU 2738 1 Inception B 3t B 4
TR 2 ) 4% 2 ST KRR AR R R IR 3k,
22 RUBE A BRAZ $ HROAN (W) R AR B o3 A1 =R Ak
FFHEAT G Rl A, B T IR E S B & W 4%
Googl.eNet 152 7Y (%) 7K 75 fd I o Az i 7y vk . W o 22
A S Stk 2K R PG DR AS FURRAIE 42 2 22738 ) i, SR JH
TR BB AP 2 I 8 580, (i B AR 3 R iz
SRR T R M g AT Ae , SE A AR 5 T R
1B L 8 ARG 3 PR U . Y5 AR A ST X
s/ INRUBORE A A2 5 R BOK AR R U]
PERE T R )@, M T AL 16 oK R L )2
J7 4% 5k MG 10 58 32 K R 3 R 5 B0 48 R DL
ResNetS0 /2 F 1 M 4%, Bt I 5 ki /K Fef g U3
PRBIEARL

DL b 56 T K A A TR ) A A 5 32 20 i
PG AR b R e 3k, T X6 HL 3 RO 5 i 2 ol
ToKARF HEA A RE N O R 2E 51 3 d A 22
/N CRAS [) 2 70 5 o A 0 EL A RR R 3] i H A 4
I AR IEAE ) R[] 2 5 A0 2 S5 K (RIR] 28
U RS TA AR IR, A0 22 S A, 491 i el 7
L H MU AR AR ) B AR AT O B K KA
HCERS O AE R RME . BB, AR A IT £ XS kR A]
R, 3 6 R FH K R AR K R R A T R U | 8 ST K
e AR RO 4 SR HBEMLIE 5 Mixup ', Cut-
out" V25 & 4 il A BRI B 7 1 B R R AT R
FEBI AR A B S H R 4 F IR YO-
LOVT7 47 el i, 42t — Fh 46 2 GOk R A 3 1R
B B RKREE HUT R [ SRS

1 MRIE5RE

1.1 REHIERE
IR R AR T LA Al B2 g SR H 7 K A

SEEG e b (A A6 S0 N T AL LR AR W A ), 7K e
T A2 33 hm? PR IE M HA 5 v B R4
b PR S0 S F AR FPAE Y 1 hm® 22 A5 AR
KRR EOS 6D BRI B AHBL (55 S50k 17~
40 mm f/4L USM #1100 mm f/2.8L IS USM) , %} 7k
R 3 U SRR AT 3 B 2 (24 10~50 em) FA148% , RS 53
HER N5 AT2153 3% X3 648154 2% . AT R FDOG ML
S R By BB, PRI G 3 SR T
Ry T T b AR 5 K R R A i S D P A LR AR
Oy A SRS E] R 2021 4E 4 A R A) 210 A P
07:00 % 19: 00 B[] BE , 356 5 £ F R85 11 i e A7 J) 10
W FERE ) o EER AT ) 2R AR ik
N IRV SN A R Bt AT 38 51 R b . it L
RNy o I TN e P S S AL e
MG dodi o B AR A0 K RO L R e A
et R EL I R A IR A 6 o R FEAR R
351k 3 052.2 956.3 126.3 019.3 126.2 927 5k , 3t
TR 18 206 5K o eAh , B A AT A 5 He i R AR
R EE  REAR B N 4 500 5K . REAS S Gn 1E 1 Fr
o B TSR 1 255 647430 o K E R e i
Hy A REL ME RS R AR AR S
1.2 ERLESHRE

TR 2 R 28 I 45 A 032 A 7 T o 198 1 B30 R A
FEA IR 55 A SR 3 BERBOE HEOC R, SR 2
B (10 i 2 X 6 R A A A PRG3Ry 22418 R < 224
123, 9l 4n TmageNet MG IR B E S 4 o K R i 4
UL HER R 5 AT215 K X3 64814 K, HLIZAE NI
SRBE TR FE 2 > B B0 R RN A 9 U
AT TR 2 2 RGOSR . B, DLEH R 3
Xt bty ff F MA TLAB #0582 % Ji b6 [R5 341 T
BT RN — A AR 3 B R O3 5 RE R 600 8 & X
60014 % . K Labelme #r 3 T 25 LA KGR 3R 17
HHIRRE AR ERE U PASCAL VOC2007 |, F X345
LS R UATRE D AR RS R G AR . Oy
it TR R B P T BOUR AR R TR R T R ) A, 2K
P 4 v 1Y 5 R R B 5 BR300 AR AR
EESQCEELPOE i SIS HE 1 o PO SN F AYed
{80 ) 2 53 X 308 44 H5 08 4 R4 4] 43, G v ™ R G Y (B
PEE50%0~75%) 15 10% , H AR GEEPS 2 3000~
50%0) i 20%, % 0 £ £ A% T 30%0) o
70% .



% 319

B A LT YOLOVT 17K FGZE B gy i 145

Laodelphax
striatellus

FERHL
Orscolia
oryzae

Thrips
oryzae

G
Plant hopper

U oy
Snout moth’s
larva

FEEIHIE

Rice-leafroller

B 1 KEEHHEE
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B30 R 55 KRR IE S AR IR AT
JCE R LIS, A RAE NS R EE TR W
A

TE2S A B ) PR, o S0k bk ie v
IR A AR P18 3 5 T T Y 4 R B R (B
Tt A F 4 R YA AL ERAE , 43 A3 3 24 HX WX
TIARRAE 1] 5 98 J5 8 3 2 AR AE 1] T A7 35 13 3 1 PF
PR BRI 7 X7 B RERAE L RAE HX WX 4y
TR B, 12 AE PR 5 sigmoid 3800 Az i as 18] 8
TERRAE 9 5 5 ARHIE R T e R POk L2, 15 3
R ZHHIE

DB ET MY, T LA s L
KR RO B R R g T M 4% Mobile-
Netv3! B4 YOLOVT J5 IG5 T M 2% DarkNet-53,
ANACRT DL e SR I RS B2 3 R A 28 B AR A 3
M FAEAEZS [ . MobileNetv3 7F MobileNetv2! !¢
FEfl b AT O Rl TR B T A B S RS T
NetAdapt™" f) o 4 45 F 48 2% | SE 3 38 1 8 ) 9 2% 4
(AN 85 N Y U RV =€ & il Kt = s i
R FIRRE T

3) W ZRBE AY , UR 2 ) AR R R 2 2R i 42 1)
9% SRR T T BRI ZRad B R R AL
KR 22 s 2 1 IR Z B 2B, IR 2ZE R/MEh
LRGN B0 8 S BOEA . VI R8s AR AL
BN BRI S BN R B AL, s R BN
FRBE T 22 . WAl PRI A ) B, R B 2 > B3 8 25
BB BN AR RIBIEO AR BT 025, SR
JE BB 5 IR RSB ) s S 50 AE H AR AL
P AE LT BN OB R S 4, AT R
2505 2, Btk 9 YOLOVT #2578 ImageNet 503
SEIEAT BN BN it AR S5V E 0T AR S8,
TEK R UE AR AR e T R 5

HIREASE, BTV ARSI —EEE In
tel i7 10700k Zb¥E 2%, 32 G DDR4 I AF,2 T B £ 1 2
K GTX 3060 12 G BAF GPU K TR BE 2% > IR 55 2% 5

AR 3 R e s ah 2 w) R A R B 27 20 I g CU-
DA Toolkit 9.0 fil CUDNN V10.0; Tensorflow-GPU
1.8.0TREE 7 > HESE
5)VEMARfE . 150 45 S PE 48 45 R 7 4 1 iff 2%
A Tl fBise BN R B4 RS 5 B2 (precision,
P) A a1 (recall, R) . V- ¥JH5 £ (average precision,
Py) 40K B2 Y9 {E (mean average precision, P,) 1T
B
P=T./(T,+F;)
R=T,/(T,+Fy)

(D
(2)

PA:JIP(R)dR (3)

1
PmA:;;PA

o, Ty J2& FRORFEAS 00 A5 25 4 1F H 52 BR 1 5
B IE R REAS B Fp RN AR AS I B 25 1 HL
SEBRHBR S R 5 REAS B ; Fo 3R FE A T A 2
SRy 0701 S BRAR 2 R IE R AL s Py 2 DL 15
WAL bR ERR RN I A bR il P-R 2k, k5 4845
S T T R T AR R S I e R R

T3 — A F BT b S A D B, B R R PN A
1 P i, >R /s (frame per second , fps) &7,
AR T SR R e ST R I s AR g A

6)XF LB L . A T BRI [ 3 T M2 X YO-
LOv7 B3 UG BE 52 M, A 58 e 45 > 17 32 0 1Y)
W 2% A g 3K U 23 531 O Darknet-53 | Effi
cientNetBO'®  ResNet50 1 MobileNetv3, H 1 Dark-
net-53 A4 YOLOVT 1 3 T’ 2% , MobileNetv3 &
ARBF ST BB BB T ML o T B e A 58 42
SR AOPE R SR T I A K RS L U
vk ADM_Ret ™ EMLPWE R 6f Fe i3 7 i

2 FHRE5HMH

R &
AHFFEHE YRR AE ImageNet BE 4 FiE4TIK
AR N TN D5, 98 J5 15 I b 0 e 7K AR 8 R K

(4)

2.1



148 LRI I NI <3 4

o942 %

RN AT fine-tune YN 25 . WIUR <> %N 0.000 1,
FRKECH 2 000, £EEAR 100 TR , 2 ) FRIB LN JFR
10%0 . SR LS U250 7 e DI ZR e 3 oy 24
OV, B UIZR 100 5K & A, B batch_size=100.
BRI g 2 FAERA R AR L AN 5] 4 BT 7R o
8.0r
7.0

6.0

4.0 L\m

3.0

YIZEAHSE Training loss

2.0+
1.oF %NM
0200 400 600 800 100012001400 1600 1 800
FEARUKEL Tteration
B4 BB GRRK & E
Fig.4 Model training loss graph
H R SEIG

BT 7K e 3 HUOAS [R] A I A IR 8 A K
AN AN B T UG BE T e B9 TR, AR TS
P T FH RS R O RIS R B i | IO R 5 07 A X
PR IEATY AN AS LT . Fe T et YOLOVT
TEVE o S HEAT 4 2T R S 56 56 TR BT B T 0k A AR
P SEIEERINE 1R,

2.2

F1 HEAZRK
Table 1 Ablation experiment
5. v ’ T li —
Rers  mg O e
- Data . P/ %
Test No.  Pre-training Image mixup
augment
1 — — — 78.82
2 N, - - 80.73
3 N, N, — 82.62
4 N, N, N/ 85.29

IITEAKCHE AT IR i AR B P RS A 52 4G
B FIRR R/ NI 2 B o
K2 AEABTRERERIERERTLL
Table 2 Model performance comparison of

different backbone networks

iRlBEE

ERECE BIRIR /N M
T Po% (W R
Backbone network . Model size
Detection speed

YOLOv7-Darknet-53 80.25 16.30 130.62
YOLOv7-ResNet-50 82.46 12.89 89.82
YOLOvV7-EfficientNet-BO ~ 81.75 15.82 63.86
YOLOv7-MobileNetv3 85.29 92.21 20.63

2RI LU, AN [R) 1 1 28 o) 65 750 7 g .
HERZmM, 5 YOLOV7-Darknet-53 # E , 4%
W58 46 (1) MobileNetv3 & R 28 $2 7+ 1 88 1 11
IS, P 1551 85.29 %6 , Ho YA e A 32T W 2% Ef-
ficientNet-BO 4 & 3.5 4> 11 73 . ; B AL I/ B A%
JEA 1/6, 40 20.6 M, A58 2 3RS0 5k B 4R T} 1 5 4%
Pk
2.4 mIEEEXTLE
MK AS BT T5 12 B PE RE , B 1T AR 5 T HLAR
WL B4 7K e 3 RO T 30k 5 AR D IR A T PR RE X
PSR ORUE S50 2 WA A S, BT A 5305 A AR )
A YN 25 4 AN AR T EAT ISR A ik, Il 25 2 %0 A
SR IAEE R L v . IR A RN 3 R

x3 SENEEERMEREXTLE
Table 3 Performance comparison of our

method vs the state-of-art methods

WUy i N/ (1)

Recognition methods Pun/ % Detection speed
ADM _Ret 83.69 23.86
EML 76.56 125.49
YOLOv7-MobileNetv3 85.29 92.21

I T AT LU, R X EE AR E 7 3G i 4R A
UL GG 5 | T 25 55 b RS B, KRS 5 P8
TUNHER 2R PR 78.82 04, KU R B I 25 . # #RL
B 1 5 R Rl A B 5, KRR ST 81U o
BB 4R TF 17 1.91.3.80.6.47 AN 43 5, el
U, B FR TR S B 4 5 R PG Rl 1 5 S B X
K O A M RE PR B SR
2.3 BTMEMEREITEE

YOLOv7 8L 4 DA AT P 48 1858 Dark-
net-53. EfficientNetBO ., ResNet50 1 MobileNetv3 43

M 3 A LUE ), ADM _Ret . EML 3315 6 25K
Fei sl OB b T38RO B X (43 31K 83.69 %6
F176.56 %0 , A FE J7 32 10 73 1RU00RG B 34 {86 )
85.29%, i TXF L5k . T ADM _Ret 539k H
RetinaNet [% 45 #5455 70 % i 10 5 A B AR T 5% %
HIRY YOLOV7 &8, H YOLOV7 I BT R/ A A4,
TE W 28 S5 R BT AR 359 48 60 R OUERE A 42 4 DL B2 AR
W RS D T AT R PRI R A TR M AR A
EML 53 5% R AR G0 i 24058 R R, B 2360 R S0 38R
TEAE g 3 RO DE AR R 3K, 5 KA 5 B 3 d 2 2] 42



% 319

B A LT YOLOVT 17K FGZE B gy i 149

FHEEAE I GE ), A6 /D SRR I B i 4 1 Mg a0
U TR RUEIE S R RE R B 22 . (HI A4
fIE 2R IR AT 7 B0 B () 52 % BE AN, DRt i B
TS P, TR 51 125.49 i/s
25 HEBEWMNER

AT 2 H AR TR AR K R 3 U B 4R X
6 25 F HWUIEM 43 K 5 R IR 4y KA TE 40 45 S an &1 5 i
o A — AR TR A S B - S T 45 SR 2R AT 0 — 1k
P € R VR e I AR 3 P 5

TR Predict label 4

" e S
B F IS 28 £
o & 8 & & <
oy T T ES o
VE
3
,@’@% 0034 | 0027 | 0038 | 0.014 | 0035
o&\@
g
v
@@‘dﬂ?@ 0.015 0.032 0.016 0.020 0.031
LIRS
p
i oéﬁb@ Qz,& 0.029 0.011 0.023 0.039 0.034
B oS
= R N
kS &
g (;@ 0.024 0.033 0.029 0.036
x §
b @L&O@%
%"&é\%&ﬁ 0025 | 0031 | 0036 | 0037 0.026
Ko7 S
&
Q{Q%L @ 0.017 0.021 0.034 0.031 0.016
% O
@‘&;\@%‘
Q'..&

E 5 F—REBEEMR
Fig.5 Normalized confusion matrix

P 5 2R — A7 R AR R KB I REAR , R
T A R R EL AR 2 AR A<y 0.852, T Sy A 48
7R TR MR T R Ch T RN IR Y R
435024 0.034,0.027,0.038 ,0.014 F10.035. &1 6 51
28 T KAEE R AR

MNP 6 AT LUF HY 25 G b AL G 3> SE i
VALY M AT L, S U R A s AR A
RIS AR B, AN T B T R
2,25 oy BRI RS SRS 1R U 5 &)y s S5 RO T
HMULARBLZS By 1 IR T2
3 =W i’

Bk 7 4R T ResNeXt101 45 2 £ T W46 f 4
I & B 25 2544 51 A 8] RetinaNet P45 1R | B if
FTKRE T U 0 SR AR A G SR LS
fiE, RO RIS BRASAEAE Ry T OSSR iR 3L, 51 A
AR 1630 J32 32 o S R THRFAE I BE g o I SR T IR
) RRAE X B R AT A IR B 3T R 4%
JEEGREN 101 )2 FEARBE SR A A B R 4R |, -2

IR RE
Laodelphax
striatellus

(Eg
Plant hopper

L

Orscolia oryzae |

T 2
Thrips oryzae

LZCR
Snout moth’s
larva

TENIE 4L

Rice-leaf roller

P o 95 2E 7 9 sk S TE 93, 26 (5 9 HE A0
SR S, 41O R AT R R I K 96 . The blue solid line box,
the yellow solid line box and the red dashed line box indicate the cor-
rect instance, the identification error, and the missed detection, re-
spectively.

6 JKFEEHRIAAIER

Fig.6 Results of rice pest recognition
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Recognition of rice pests based on improved YOLOV7

ZHENG Guo',JIANG Yusong®, SHEN Yonglin®

1.College of Biology and Food Engineering, Chongqing Three Gorges University,
Chongqing 404000, China;
2.College of Landscape and Life Sciences, Chongqing University of Arts and Sciences ,
Chongqing 402100, China;
3.National Engineering Research Center for Geographic Information System,
China University of Geosciences( Wuhan) , Wuhan 430074, China

Abstract Because rice pests are usually small in size, some different types of pests have similar ap-
pearance, and the same type of pests have different appearance in different growth processes, it is very dif-
ficult to identify rice pest types. We improved YOLOV7 neural network by introducing convolutional block
attention module and feature pyramid module and constructed a challenging rice pest dataset, which is col-
lected from rice planting base of Ezhou City in Hubei province to recognize rice pests. According to the
characteristics of sample distribution, data enhancement was carried out, and random noise, Mixup, Cut-
out and other data enhancement methods were introduced to make the deep learning model learn the visual
features of pest discrimination from a deeper dimension. Taking MobileNetv3 as the backbone network, the
YOLOV7 network was improved, and a multi-scale neural network model based on feature pyramid was
constructed to improve the identification accuracy of small individual pests. The results showed that the av-
erage accuracy rate of rice pest detection based on the improved method is 85.46% , surpassing the net-
works such as YOLOv7 and Efficient Net-BO. The size of the improved YOLOv7 model is 20.6 M, and
the detection speed is 92.2 frames/s, which is more than 5 times that of the original YOLOv7 algorithm.
The results indicate that this method can be applied for remote automatic recognition of rice pests.

Keywords smart agriculture ; pest recognition; deep learning; convolutional neural network; spatial

attention; image vision; pest monitoring
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