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ment
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e LB
Peanut early 376 2842 752 5684
spot
AEA: B BERT
Peanut web 372 2103 744 4 206
blotch
I*%ﬁﬁﬁ 348 1846 696 3692
Corn rust
FRKBE
Corn leaf 383 2229 766 4 458
blight
Zni e
Tomato 378 2883 756 5766
early blight
i 2
Tomato late 392 2975 784 5950
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MR R
Tomato leaf 367 2 854 734 5708
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Table 2 Setting of training parameter
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Parameter Value Parameter Value
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Table 3 Data augmentation evaluation %
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. .. mAP@0.5

Mirror Scale Precision Recall
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N X 92.1 83.1 88.1

X N 91.7 81.7 87.3

N N 93.3 82.8 89.2
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Fig. 4 Comparison of EMD-YOLO and baseline models
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Table 4 Comparison of EMD-YOLO

and baseline models %
mAP@0.5 mAP@0.5:0.95
ol EMD EMD
Disease YOLOvS8n YOLOv8n

YOLO YOLO

A BB Peanut leaf scorch 97.7 98.9 62.4 64.6
e LB Peanut early spot 88.9 92.6 43.3 48.8
A M BERG Peanut web blotch 90.1 96.9 47.6 49.7
T KA Corn rust 95.2 94.9 75.3 75.4
F K KBER Corn leaf blight 94.7 98.8 70.6 70.8
i ZEIR Tomato early blight — 89.6 94.5 59.5 61.8
T iERE Tomato late blight 75.9 79.5 55.7 55.6
ARG Tomato leaf mold 81.4 86.4 66.3 68.7
JiiAT % Total 89.2 92.8 60.1 61.9

AR T A — 22 W REAIR . Bl FH EffectiveSE £
B, B A [a] SR [, (H mAP@O.5 $2 THE K, 8 i
1.2 EH 43 . 7R B AH ] DySample [ 2R F1 Wise-
ToU #5145 pRF A, BRI R B — B3 . DU B[]
VEFIF AR Y OLOVSN Ha4 (25 4780 R . 73
Ml 2 mAP@O.5 43 #2557 3.0.4.3.3.6 H 43 s, i
RAE R 15WT/s, FUBAI 077 s 50 S 0 T Al
KA FRE T 1.4X10°,0.8X10°H11.4 MB, 45
T BN 5 TR U BE T, i P Ak
THBATRCR 5% S .

2.4 REIFTLLIRKIE

g B IE EMD-YOLO 55 ¥ 9 40 i M, %6 B
mAP@O.5, F, 70 50 07 5T B EU(FLOPs) S 5
(parameters) | 15 % A T (model size) Fll £ NVIDIA
RTX3060 I [ 46 I i % (FPS) 1 Ry PF- 4 48 B, 78 AH
AT 21 F % EMD-YOLO #8555 7 Fofs 50 47
SR, 2 6 1] A1, EMD-YOLO 78 A #5554 v
AR Y mAP@O.5 Fl Fy 438, #5 Faster R-CNN
YOLOV5s.YOLOv5n . YOLOv7 .RT-DETR-L.YO-
LOv8n #il YOLOVSs ) mAP@0.5 43 51| &5 H} 36.6.
5.3.7.5.6.0.6.9.3.6 1.5 F 73 & ; % Faster R-CNN,
YOLOV5s.YOLOv5n .. YOLOv7 .RT-DETR-L . YO-
LOv8n Ml YOLOVSs [ I, 43 805 5 i55 H 38.8.9.0.
13.4.13.5.12.1.3.5. 1.3 A 4 f o [RIEFAE SR I,
EMD-YOLO 1} [t FPS # i B9 YOLOv8n ¥4 fiil 15
Wit/ , Ll 2o TR I 50 B U 1) YOLOvSs 5 4 41
Wi/s. DL EZERFW AR EMD-YOLO &
B HuE BARGE (F 7080 . mAP@O.5 A6 B2
TS R T
2.5 EIRWIE

K T B Bk 1 EMD-Y OLO #5587 52 b v
R R 8 Bk E A EMD-YOLO #5815 28
YOLOv8n 5 A FEAH [F] A il g0 P58 T 217X b ik .
H L5 AT, Bk EMID-Y OLO #5570 g 1R 510RS 2 15
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Table 5 Ablation experiment
MSDA  EffectiveSE  DySample #ZeRE K/ % AR/ mAP JFAG2HE S8E BORRGEE/MB Wi/ (i/s)
EENMLE AL XK Wise-IoU  Precision Recall @0.5/% FLOPs Parameters Model size FPS
X X X X 93.3 82.8 89.2 8.1x10° 3.2X10° 6.3 87
N/ X X X 94.6 83.1 89.3 6.6x10° 2.2 10° 4.7 113
X N X X 94.2 81.7 90.4 8.3x 10’ 3.3X10° 6.4 78
X X N X 93.6 83.4 89.3 8.1x10° 3.2Xx10° 6.3 86
X X X N 93.4 82.9 89.5 8.1x10° 3.2Xx10° 6.3 87
N N/ X X 95.1 83.6 90.7 6.7x10° 2.3%10° 4.8 105
X X N NG 93.9 83.5 89.7 8.1x10° 3.2X10° 6.3 87
N N N/ X 95.7 84.5 90.9 6.7X10° 2.3x10° 4.9 101
N Nj X N 95.3 83.9 90.6 6.710° 2.3X10° 4.9 98
N NG N N 96.3 87.1 92.8 6.7 10° 2.4%10° 4.9 102
%6 EMD-YOLO 5 7#i& 2 43X 36 % bk
Table 6 Comparison table of EMD-YOLO with various models
AR F 80 % 7RIS AL E it HRAL i/ MB M3/ (i/F)
Models mAP@0.5/% F, score FLOPs Parameters Model size FPS
Faster R-CNN 56.2 52.8 386.310° 41.4x10° 97.7 17
YOLOVS5s 87.5 82.6 16.0X10° 8.1x10° 14.5 69
YOLOV5n 85.3 78.2 7.2X10° 4.2x10° 8.6 73
YOLOV7 86.8 78.1 105.210° 36.910° 74.9 65
RT-DETR-L 85.9 79.5 16.8X10° 5.8%X10° 18.7 24
YOLOv8n 89.2 88.1 8.1x10° 3.2X10° 6.3 87
YOLOvSs 91.3 90.3 28.7x10° 11.1X10° 22.5 61
EMD-YOLO 92.8 91.6 6.7X10° 2.4x10° 4.85 102
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HZ AL, 264 T New Plant Diseases Dataset'®/jx
— N TR A TIZ AR RE , i 5 Labelimg #£47
PR IZ B SRR AL T 38 R AE W & G . itk
J& B EMD-YOLO Al 5 LA YOLOvSn i#47
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EMD-Y OLO BB 7R CRAF 4 A A 32 79 [w) 1, A6
Wi 38 ) 104 W1/, W6 FIRAL Y . DL 25 53R 0,
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3 i i
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A o 2 i e AR K 28007 WMk DL H2 0 T 245
Y 2 ENE s, AR I EMD-YOLO
BERL 3 5] A 22 ROBE 25 T 2 AL (MSDA) (Ef-
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2 SR, AE Z AR s R e BT R AR
Rk H AT S5 B 0 R e

B C21 45 F e iy C2f_MSDA J7 , % mAP@
0.542 7+ % 89.3% , I HF# MK 1.6 MB. MSDA 5 Ef-
fectiveSE Z5&-(d AT, Jeiliad MSDA ¥ K2 B,
i EffectiveSE fLAL 4015 FRAFE & , i mAP@0.5 i —
A4 2 90.7 %0 BEIUALE (AR . DySample -
FHEA Wise-ToU it 6 s EA B AN R 515
SEEREE Ty . P AR A 4 TR I AR 1 R
SEHL T AT T, mAP@O.5 ek F) 92.8 %6 HE A
FIL AT A R, HABERUACE (U 4.9 MB, 13
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Fig. 5 Recognition effects of different models on crop leaf diseases
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Table 7 Generalization experiment FE
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EMD-YOLO: an improved lightweight algorithm for detecting
diseases in crop leaf based on YOLOvSn

WANG Binbing, ZHANG Yali,ZHENG Guang,SHI Lei, YIN Fei

College of Information & Management Sciences, Henan Agricultural University, Zhengzhou 450046, China

Abstract A novel lightweight algorithm for detecting diseases in crop leaf based on YOLOvEn,
EMD-YOLO was proposed to accurately and rapidly identify diseases, reduce costs of manual diagnosis,
and minimize the impact of leaf diseases on the production and quality of crops. The algorithm integrated the
multi-scale dilated attention (MSDA) , EffectiveSE attention mechanism, DySample upsampling, and
Wise-IoU loss function. MSDA was combined with multi-scale spatial convolution and attention mecha-
nisms to increase the efficiency of extracting multi-scale feature , while EffectiveSE strengthened the selec-
tion of feature and improved the representation performance of model.DySample upsampling preserved im-
portant features to enhance the map resolution of feature and the detection performance.Wise-IoU loss func-
tion optimized intersection over union (IoU) computation to improve the localization accuracy of model.
The results showed that the accuracy, mAP@0.5, and weight of EMD-YOLO was 96.3%, 92.8% , and
4.85 MB, respectively. The accuracy and mAP@0.5 of YOLOv8n increased by 3.0 and 3.6 percentage
points compared with that of the baseline model YOLOvV8n, respectively , while the weight decreased by 1.4
MB.Tt is indicated that EMD-YOLO has good generalization and is suitable for detecting diseases in crop
leaf with mobile devices.

Keywords deep learning; diseases in crop leaf; YOLOvVS; EffectiveSE attention mechanism ; multi-
scale dilated attention (MSDA ) ; lightweight algorithm
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