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A corn disease and pest detection method based on lightweight improved
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Abstract: Aiming at the problems of unsatisfactory detection accuracy, complex model and difficult deployment on
mobile terminals in the existing maize disease and pest detection methods in complex environments, this study proposed a
maize disease and pest detection method based on lightweight improved YOLOvSs. Firstly, the lightweight network GhostNet
was used to replace the convolutional layer in the feature extraction network and feature fusion network in the original
YOLOv5s model, which reduced the calculation and parameter amount of the model and improved the running speed to meet
the deployment requirements of the mobile terminal. Secondly, in order to compensate for the problem of detection accuracy

degradation caused by GhostNet, the normalization-based attention module (NAM) was introduced into the backbone feature

extraction network of the model to evaluate the feature
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weights more comprehensively, so as to enhance the
characteristics of corn diseases and pests, weaken the inter-

ference of irrelevant information, and improve the detection

(2023Y0985) performance. Finally, the loss function of the model was re-
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YOLOvS5s model, the P, R and mAP of the final improved model increased by 1.9 percentage points, 2.2 percentage points

and 2. 0 percentage points, respectively, reaching 94.6% , 80.2% and 88.8%. While maintaining high detection accuracy, the

calculation amount, parameter amount and capacity of the model were reduced by 50.6%, 52.9% and 50. 4% , which solved

the deployment problem of the detection model on the mobile terminal.
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Fig.1 Image samples of maize pests and diseases collected in

this study
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Fig.2 Image samples collected in different environments
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Table 1 Maize pest and disease image dataset
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Fig.7 The loss curve after the iteration of frame loss function

Table 4 Comparison test results of YOLOvSs-G-N-E and YOLOVSs-G-N
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YOLOv5s-G-N 93.7 80.1 87.1 7.8 33 7.0
YOLOvSs-G-N-E 94.6 80.2 88.8 7.8 33 7.0
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AWFFEXF YOLOVSs FER ekt = A R0

®5 HERABTILER

Table 5 Comparison results of ablation experiments

fm RS FEEES R 2ol
(%) (%) (%)
I 92.7 78.0 86.8
I 88.8 75.8 82.2
Il 93.7 80.1 87.1
I\ 94.6 80.2 88.8

T 2R 4R YOLOvSs #E78 o TR SR A A ok 0o 246 el aff g A 80 5 T2 7
M REALBE R 50 A NAM B A9 45280 IV 2o TS0 ool 458 5% oK K
Bl EloU fORERL,

242 YOLOvS5s-G-N-E & 6958 K YOLOvSs-G-
N-E BRI 554G YOLOvSs BASEATXF Hikes:, &
6 FIHLBR T BERRIAE R .mAP LA T R RSN, ZEXT
FITA 28 5 HUEAI Y YOLOVSs-G-N-E #8f%) P R
HmAP HRLR YOLOVSs BIRIEE = T 1.9 N E 43 a5
2.2 AR AR 2.0 AN E 3, o3 S ] 94.6%
80. 2% 71 88. 8% ; R Il Zeh HUFIAK R ELAAG I , P A1

R {ERTH I, [FEF, YOLOvSs-G-N-E A8 i3
SR 2 B0 AR B R /N 43 0 B AR & 50. 6%
52.9%F1 50. 4%, AR, YOLOvVSs-G-N-E #i71 H,
Jilf YOLOvSs A8 B d b (BAT SR DR T = iy
FrIUPRS BE 35 TAERS sl A T8 v

T B WM LR YOLOvSs-G-N-E A5 8 55 J51
1f YOLOvSs BEAURT K B3 R &R R &
DR H T DA PRI A7 A DN oS I 8 2R an &
8 I, MBI 8 FIHI TR 5 I IREE  Fihs 25 42 (1 1 1
T, )56 YOLOvSs B A i T2 8| ™ H 3 5 T4k, i
PR A BEARR B T R0 R AR A S5 100, 52 ) T S 7R 1
KR, 11 YOLOvVSs-G-N-E #8 iy T 5] A&
TIHUHI R AL T S RE B 2% pR 8K, B % 4 T ML DA H
FREFIEAUA , A5 H ARAE 5808 HE AR 22 /)y, T3
5 TR HUE T RRAE IS B AT R S EXREET
PURRE , HETTHR T TR B ARG B2
2.4.3  RE Ao B A M AR 2 SR T R
YOLOv5s-G-N-E BR8P | AR50/ 5 H i &
Wi B9 B AR K I FL A ( Faster-RCNN ., YOLOvSx .
YOLOv5s ,YOLOv7-Tiny) # [ 5 X b, W3 7 7]
1, Faster-RCNN AH# T H A A FE T3 8 S 80
FRLHY /N Ty T 4 bRk, HF- 40K BE 8 (H HOA
75. 3% , JC i AN ELR ; YOLOvVSx HO-F-34K5 1
HABMEIAF 89. 4% HitHH & S H MR PE K,
FUEE S T R BT R R R, N 3E TR Bl ) R
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B, YOLOvSs 5 YOLOv7-Tiny 45 7 T (U PEREFE AR A EL YOLOV7-Tiny 1% 1. 6 N E 43w ATETHE & S5
UL HZE A PERE AR A 5T ) YOLOvSs-G-N-E #8 S AR /N 1A B S A 34, 70 36 2 A% 3 ity 15 4% i
A, YOLOvSs-G-N-E # 8 BARFE- G EE¥E b HZORARINA GRS A TR,

F6 RARBKIXLL

Table 6 Comparison of final model tests

A 25 HIH (%) AR (%) FHRESE(%) HHEG) SEE(x10°) BRI /N(MB)
YOLOvS5s eS| 92.7 78.0 86.8 15.8 7.0 14.1
Bl 92.7 78.4 87.6
JRRE 90.9 90.8 94.9
Gz 91.7 68.8 79.8
BE 95.4 74.0 84.9
YOLOv5s-G-N-E 4251 94.6 80.2 88.8 7.8 3.3 7.0
Bl 93.9 78.4 88.1
TR RE 97.2 100.0 99.0
B 90.5 74.2 85.7
B 96.7 68.1 82.6

YOLOVS5s-G-N-E : £33 EloU #i2% sRELLAL 51 ATE R JIHLHT (NAM) K 321 100 25 R 200350 I £ 8 1A 73 i AL i i 9 YOLOvSs AR

YOLOVSs-G-N-E: Z3:d EloU #5125 AL AL . 5T IHLH] (NAM) O 35T [ 26 FISSUAT 00 25 8 AT 4 e Ak F) YOLOVSs BEAN N L
H: KR X 550 B BER . FETAE B BT 3o 120 H 36 (0 AT {5 1, W 8 oy, AR A 0
8 BRI LL

Fig.8 Comparison of detection results
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Table 7 Comparison of performance of different detection models

e PR EE e S BUOb
(%) (6) (x10°)  (MB)
Faster-RCNN 753 4543 28.3 110.9
YOLOvSx 89.4 203.8 86.2 169.1
YOLOvSs 86.8 15.8 7.0 14.1
YOLOv7-Tiny 89.7 13.2 6.0 12.0
YOLOvSs-G-N-E 88.1 7.8 33 7.0

YOLOv5s-G-N-E: 83 EloU $2¢ &AL 5T AEZ 1ML (NAM) |
H 3T X8 TN DY 4 #0247 e AL GHE Y YOLOVSs B84 Faster-
RCNN, YOLOv5x , YOLOvSs . YOLOv7-Tiny g H fiif 35 7 19 H A7 4 Il 4
',

3 %45 8

(1) ARG LL YOLOVSs #E R Ry Jefitt | >R 4 i
P 2% GhostNet X HFFAT 5 it Ak vle itk | P38 21 8 o
TR IHLH (NAM) 3458 ¢ 40F , I F 451 2K pR 2L EIOU
PR CIOU $2 T4 455 70 174 W5 SICHE J5  mT A A 5 75 31
TS B YOLOVSs-G-N-E #5585 H 55 Fas-
ter-RCNN . YOLOv5x . YOLOvSs 1 YOLOv7-Tiny 57!
BEATHERERTEL , 45 3R 2 W] YOLOvSs-G-N-E A& 81 75 {4}
FRi /MR R S8 AR R B T 4%
o ARG A 2

() TEARTR LG T R AR T F K05 U FE BR
T BRI TER J  E  REAT Y S BT T R K
HERRAE T RR A I 2R I AIE 223 A B
A EE ) YOLOVSs-G-N-E 5 5 %o {42 3 > o it
ERM A PR FN mAP 439 4 94. 6% | 80. 2% F
88. 8% , [MIAF AE T4 4 AT AL KNy T8 43 5
WL 50. 6% . 52. 9% Fl 50. 4% , A B 5% BT k) 3 1Y
YOLOv5s-G-N-E #H7E 5 J 75 5 0946 U oKS B2 A0
FIRAAERL S oK R H AR A U SR T 8T i A5
B IF A RIS R A 78 2y v 15 £ L 0 2 oy FH 2 4t
Tk,

(3) T2 BT B, AR BiF 9 2 57 1) 2 oK L 5
EUR B S REA G PR | 5 SL 0 508 HE— 48 X B dis 4
PEATANTE , FE5 A 10 B 2 2T DA THAS AR 78 1 77 £k
WA
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