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Early lesion diagnosis algorithm of tomato leaf based on attention
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Abstract: Tomato yield is affected by diseases, weather and other factors, among which leal disease is the most critical
factor affecting tomato yield. However, in the field of leal disease detection, the existing models generally have the
problem of insufficient generalization ability and high detection rate of small lesions. In this paper., an improved tomato
disease early detection algorithm is proposed to improve these problems by optimizing the YOLOv5s network in various
aspects, while keeping the model lightweight. Firstly, Mosaic9 data enhancement technology is used to strengthen the
detection ability of the model for minor lesions, increase the complexity of the image back-ground, and improve the
generalization ability of the model. Secondly, GSConv and Slim-Neck networks are used to lightweight the model and
reduce the computational burden while maintaining the accuracy of the model. At the same time, the SimAM attention
mechanism was used to capture the features of small lesions on the leaves more accurately, thus reducing the missed
detection rate. In addition, in order to further enhance the detection ability of multi-scale targets, adaptive spatial
feature fusion is introduced to effectively integrate features of different scales, and improve the detection accuracy of
multi-scale targets, especially small targets. The experimental results showed that the model had excellent perfor-
mance in early detection of leaf diseases, and the average recognition accuracy, recall rate, F1 score and mAP of leaf
mold, early disease, late disease and healthy leaf disease reached 0.951%, 0.918% ., 0.934% and 0.948%,
respectively. It can be seen that this method has a good detection performance for minor lesions, and improves the
problem of insufficient generalization ability of the model and missing detection in the detection process of minor
lesions, and further improves the detection effect.

Keywords: YOLOv5s;early disease spots in tomato; GSConv and slim-neck;attention mechanism;future fusion
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PEAERE AL Ut — A 4R LR AR B BE . R A Mosaic 9 il
GSConv-slim neck FJ/F% 6 #E, P, R.F1 fl mAP@0.5 [t
JP5 2 BRI B4 T 0.3%.0.4%.0.3% 0 0. 4%, K&
BRI S BORMR T 1018 M A 3. 2 GFLOPs, 36 W] F 78 %
EALM A 32 T AR PN AR . B SImAM FEE )
HUHI BT 5 10 BE1AY PR, F1 Fl mAP@0. 5 L5 6
BRI B T 0.5%.,0.7%,0. 6 %0 1 0. 2%, S $ =

T RECRE TEARTIABANSEON R BLT o B 1 52 31
W BERRAE , B A TS 13 BEALAE BT A $ 07 Th RIS B . &
B PR SIS EAON I T R A B ET IR R RIS PORLFL,
mAP@O. 5 PN EFR R T3 4 A T 4G YOLOvSs 43
BIEETHT 3.1%.1.6%.2. 3% .1. 5%,
3.5 XLEXW

DN GSConv-slim neck SZ 5% L

N T HAIE GSConv-slim neck BYA R0 . B B 1 5 1#F
177 LI xt e WA R Nk 5 iR, 4iAR 4.5 DE
H,7E 5] A GSConv-slim neck Z J5, #85 #8 fl) K /NI /N T
2.3 MB. ZHUR /D T 1. 18 M., fif 15451 5 T Jin 4% & 5 [6] o
BRI POR.F1 43 B0F0 mAP ¥4 A [ 2 5 1 42 ), X 3%
WSS 200 Xof 2 70170 2 190 0 YA R P T 4R 1 5 9 I8 B UK
BT 3.2 GL.FPSHAMT 13 frame/s . X i b H HE B AE 115
AR RN PO R T 1 AR T 0 G L X T SE B v
14 52 A B e OR T R AR A 5

&R 5 /0 GSConv-slim neck FAEIIEIL R G RISE IS XT LE
” FEAL RN/ ¥ 7 .18 B FPS/
K8 o " mAP ,
MB (parameters/M) (GFLOPs) (frame/s)
1 YOLOv5s+m9 14. 4 7.02 0.94 15.8 344
2 1+ GSConv-slim neck 12.1 5. 84 0. 944 12.6 357

K, 5] A GSConv-slim neck J& , W 54 4 75 7 & (1
(] EF PR A< B 4 v 1 AR R ) 200 R R S

2) 1 B IR L 55

B T IE SImAM 1A 80M 430000 3L 5 At
= SIHL#H] SE (squeeze-and-excitation) , CBAM, ECA Cefficient
channel attention) . CA (coordinate attention) #F 17 4 1] H %5,
SIS RN 6 B, mRFLUE AR Y 8 AL

ARG 8 ™ A2 T N [R) B9 52 ), SimAM #8578 7F K £ 3036 b
RS T B AL R A SIA BN, T SE HE
HLHIZE P.R.F1.mAP PUANHE 47 - #8A BT T B, CBAM X 7E
WERR S A BT T ECA R L mAP 8 LA BT F
K&, H SE Il CBAM #EHI KNI T 1 MB, CA HEE I Hl
il 7 44 [ SR mAP 380 - R R A (H LA R f K, FL7E
R AT SmAMAE T 1. 6%,

R6 EMARESNNEEEMLE

¥ 5 R p R F1 mAP BRI KN/ MB
1 YOLOv5s+m9-+ GSConv-slim neck 0. 942 0.909 0.925 0. 944 12. 1
2 1+SE 0. 941 0. 907 0.924 0. 938 13.1
3 1+CBAM 0.943 0.9 0.921 0.936 13.1
4 1+ECA 0.944 0.912 0.928 0.936 12.1
5 1+CA 0.931 0. 929 0.93 0. 949 13.7
6 1+SimAM 0.947 0.916 0. 931 0. 946 12.1

A, SimAM TE 25 77 #855 HeAE 7 s % R v 3R B il
o R T AR PERE R B R R TR Rk

3) R AIE Fil 5 B X L S B

T kLB UE ASFE BB A 20k 735 8 ASFF
FIMALRL o) B AE 42 523 W 4% (bidirectional feature pyramid
network , BIFPN) A He il A 2488 8 v 47186 1) L 8, 2 90 25
R 7 Pin. HERFLUE I, ASFF 175] A R 8 {5 457 A

* 162 -

1 P.R.F1.mAP W8 45 43 575 % 0. 4%.0. 2% .,0. 3%,
0. 2% Wy 3 35, H R I 3 T34 S8 515 &,
BiFPN 5| AFEHESN % LA T T 0. 1%, 72 Hoflh 3 4~ 45
S Re o S o N

L5 L iR . ASFF FRAE il A B M 78 3 5t 3 460 0 o AH
It F BIFPN ZURTE4F, #— B30 HiE T ASFF 7 42 R A 2 Pk
fE 7 THT WA 301 .



BAFAE R E IR G0 F e vE 3R Tk B T ok 5 4
x7 WMWHMEFENEMIE
¥ 5 Y p R F1 mAP
1 YOLOv5s+m9+GSConv-slim neck+ SimAM 0. 947 0.916 0.931 0. 946
2 1+BiFPN 0. 948 0. 904 0. 925 0. 939
3 1+ ASFF 0.951 0.918 0. 934 0. 948

O FEICR R L

T U 56 e K S R 2% M R L AR SCTE AR
[ & B9 9 26 it it b o 3 I 3K 4R PR AT 58 E L O R AR
45 R 5 JEURERY e R I 45 2R 2 AT Tl AR X EE L 4R
BO1L s . AN aT BLFE L R 19 YOLOvS s M LA
TEAR DG 26 1 8 A1 2R I A+ DT 5 2015 4 A T A .

P

R

YOLOvV53s Leaf_Mold

Leaf

MR |

YOLOV5s Leaf_Mold

(a) WAL

4
~ 4

X T RER YOLOvSs B8, B 7 )5 i 458 280 s 2> 1
KRR A A B0 L 48 T e BE H AR B E LR . AT
TR F5 R BE Y R . B 65 R H AR R BE, o
P11 Ca) S O K A A5 B0, 181 11 (h) iR A g 1 Bl . 3X
FEor R TR AR A O RE R H AR B A A
R A JERR R i B g

(b) A

1L B A A I 28R X e s R

5) A [ A58 250 F o L S 5

TS UEAS B S AR A O 1 AT B A A SBOR
YOLOv3-tiny, YOLOv7, YOLOv7-tiny. YOLOv8n, SSD
FUANAS R AL 78 () — 00 3 A AR ) B0 G i PR 0T R
(i) — )1 5 70 26 5 Al D8 2 0l 98 o s ) 2 0 7
) BEAT NS LI o LT EEAS: 36 AN [R] 45 80 19 8 i L 2 AT

100 WL, SLI g5 RN 8 iR .

MF% 8 AIE Y, AH AL T A B Aw A Bk, o Bk
HAFKEK P.R.FL Ml mAP, M FEH YOLOvS #
AL BRI R PLORUFL A mAP 2348 A T 3.1%.
1.6%.2.3%. 1.5%; #1% F YOLOv3-tiny., YOLOv7,
YOLOv7-tiny. YOLOv8n, Bt #E# A A P.R.F1 #1 mAP

K8 TREEBLERIL

J¥5 LAY P R F1 mAP@O0. 5
1 YOLOV5s 0. 92 0.902 0.911 0.933
2 YOLOv3-tiny 0. 831 0.875 0. 852 0.902
3 YOLOv7 0.915 0. 894 0. 904 0.926
4 YOLOv7-tiny 0. 877 0. 894 0. 885 0. 904
5 YOLOv8n 0. 927 0. 898 0.912 0.939
6 SSD 0.901 0.504 0. 646 0. 696
7 M YOLOvSs 0.951 0.918 0.934 0.948
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