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A lightweight crop pest identification method based
on multi-head attention

ZHAO Fachuan™ XU Xiaohui ™ SONG Tao, HAO Miaomiao, WANG Shu, ZHU Weilong
(College of Electronic Information Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: [Objective] To solve the problems that the current pest identification method has many parameters,
a large amount of calculation and is difficult to deploy embedded devices at the edge, so as to realize accurate
identification of crop pests and diseases, and improve crop yield and quality. [Method] A lightweight
convolutional neural network called multi-head attention to convolutional neural network (M2CNet) was
proposed. M2CNet adopted hierarchical pyramid structure. Firstly, a local capture block was constructed by
combining depth separable residual and cyclic fully connected residual to capture short-range information.
Secondly, a lightweight global capture block was constructed by combining global subsampling attention and
lightweight feedforward network to capture long-distance information. Three variants, namely M2CNet-S,
M2CNet-B, and M2CNet-L, were proposed by M2CNet to meet different edge deployment requirements.
[ Result] M2CNet-S/B/L had parameter sizes of 1.8M, 3.5M and 5.8M, and floating point operations of 0.23G,
0.39G, and 0.60G, respectively. M2CNet-S/B/L achieved topS5 accuracy greater than 99.7% and topl accuracy

greater than 95.9% in PlantVillage disease dataset, and topS accuracy greater than 88.4% and topl accuracy
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greater than 67.0% in IP102 pest dataset, outperforming models of the same level in comparison.

[ Conclusion] Effective identification of crop diseases and pests can be achieved by this method, and it

provides valuable references for edge engineering deployment.

Key words: Diseases and pests identification; Lightweight; Multi-head attention; Residual learning; Deeply
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Table1 Taxonomy of the IP102 dataset on different class

levels

1EY) e fllE3S ML

Crop Pest class  Training set Test set
JKFE Rice 14 6734 1683
Tk Corn 13 11212 2803
/N Wheat 9 2734 684
filI>€ Sugarbeet 8 3536 884
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LCB: Local capture block; LGCB: Lightweight global capture block; H and W represent the height and width of the input image, respectively; C; : Number
of channels used for stage i; L; represents the number of local capture blocks and lightweight global capture blocks in stage i

1 M2CNet &SRR
Fig.1 Overall structure of the M2CNet network
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Lightweight feedforward network; d;: Channel dimension; s: Size of the sub
window; A: Number of attention heads with multiple heads; H and W
represent the height and width of the input features, respectively
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Fig. 4 Lightweight global capture block
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Table2 M2CNet-S/B/L network architecture
B Bx it RS JEE
. M2CNet-S M2CNet-B M2CNet-L
Stage Output size Name of layer
1 56x56 Conv. FFRE 4x4,36,stride 4 4x4,48, stride 4
5656 R IR A B A 3x3,1x1,36 3x3,1x1,48 3x3,1x1,48
, . 3x1,1x3,36 3x1,1x3,48 3x1,1x3,48
& R AT Al S B Il YR il
2R RARER ) Ry =4 Ri=4 R =4
BRI 4
2 28%28 Conv. T kE 2%2,72,stride 2 2%2,96, stride 2
28x28 TRPETT 43 B2 3x3,1x1,72 3%3,1x1,96 3%3,1x1,96
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Z RN A Hi=2s =2 | 2 Hi=2s5=2 | %! Hi=2s5 =2 |*?
RRTREER T Ry =4 Ri=4 R =4
R A
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2R A Hi=d5=2 % Hy=ds =2 | % Hy=ds =2 | *©
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BRI 4%
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7x7 R IR A B A 3x3,1x1,288 3x3,1x1,384 3x3,1x1,384
. . 3x1,1x3,288 3x1,1x3,384 3x1,1x3,384
Z AR A Hi=8s=1|%? Hi=8s=1|%? Hi=8s=1|%%
LR RARER ) Ry =4 Ri=4 R =4
AR 4
i Output Ix1 AIERE 100
2% % (M) No. of parameters 1.83 3.52 5.76
11575 (G) Floating point operations 0.23 0.39 0.60
DN B A KD BA A 22448 F 22448 %, Conv. AR A B AR, stride & = ARG F 18, HAeS A F i B FRAAEENG

Sk Fo R RAE KA, RS I/ 52F YA 4 P 25 04 AR R 45 4800k

1) The input image size is 224x224 by default, Conv. stands for convolution operation, stride stands for convolution step, /; and S;

are the number of heads and subsampling size of the ith global
lightweight feedforward network
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¥J CUDA 11.4 #1 CUDNN 8.2.4 IX5l, 1R JE 2% I HE
2Rk PyTorch 1.10.1, 4uf2i5 5 4 Python 3.8.5.
YIZEF CIFAR100 AT IP102 HIE AR B A 300,
PlantVillage HIIEARIKEL N 60, #LIKI N 64, 2
S BIE PR I ZEME, PlantVillage F1 CIFAR-
100 FIWI 4624 31 R %N 0.000 5, TP102 HIHI 46>
AN 0.005, BT 10 MEARIEE ] 348 26tk
JE . Ak 2R3k £ Adamw?®, JF ¥ AL B 3 0 i
BNO0.05, FEIGFEMEH T a2 FEeE M
Mixup™! H 4 ok gt — DR BBV R o I 2R

2.1

subsampling, and R; is the scaling ratio of the feature size of the ith

EUEAEH 224 182 3 <244 (R R BEATEET, I {8
F 224 18 30244 R R MO0 .

PETFE B K A Topl A Tops AERH R 14
JAH, Topl HERAZRFE UMM R HEAL 28 1 (20 5L
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TS W5 SR AT I ERR . R R
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A = 100%, 4
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S p(a) KR ESERIFRES, q(x) R TIN FIME% .
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Fig.5 M2CNet-S/B/L training process in the CIFAR100 dataset
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T 1.89.2.62 M 1.7 NEADT ST 5
MobileNet % 5 kb, M2CNet-S/B/L 43 5l £
Topl #ERAR ESLHL T 9.35. 6.16 1 5.12 AN FH 40 4
FETE . BT oK 2 ik B L 5 6 R45 &
DL AR T 6 BB [ M BE, 1 1 M2CNet-S 5
MobileNet-V2. MobileNet-V3-Large Z % & fl 115
AL, (HHAR S EAE AL . ££5 MobileViT
ZHI % EEHr, M2CNet-S/B/L [RIBETE R BIAS |
JEILH B B . AT AHOK M2CNet 5K BB
fiont b, 7] LA #) M2CNet-L Lt VGG %741, ResNet
18 #EMf 2 5 1wy, T 2 4= N ResNet 18 f— 2},
& VGG #5111/20 . H A I M2CNet 7] LR
RIS R AHEf 2 2 RBP4
23 mHREFEIINFR

N T I M EL B M2CNet-S/B/L R, AT
FUE X B — PP AR AR R T EE S E A E F A
LE % 1, Bl M2CNet-S X N MobileViT-XS.
MobileViT-XXS. MnasNet 0.75. MobileNet-V2;
M2CNet-B X . MobileNet-V3-Large. EfficientNet
BO. MnasNet 1.0; M2CNet-L Xf i EfficientNet B1.
MobileViT-S. MnasNet 1.3, ¥ LA _E /2% 5 5 7E
PlantVillage 4 5 Z(#H 41 1P102 HUEHRE L
TGS, IS R ILE 6.

K] 6a 72 PlantVillage E MR, 7T LLE

# 3 CIFAR100 HIBEER LR
Table3 Comparison results of CIFAR100 dataset model

P HEE HER 1%
o ™) (G? Accuracy
Model No. of Floating
oint Top5 Topl
parameters operations

ShuffleNet-V2 0.5 0.4 0.04 72.74 41.83
ShuffleNet-V2 1.0 1.4 0.15 86.21 59.65
ShuffleNet-V2 1.5 2.6 0.30 90.08 66.56
ShuffleNet-V2 2.0 5.6 0.56 93.06 72.79
SqueezeNet 1.0 0.8 0.75 78.48 49.68
SqueezeNet 1.1 0.8 0.30 78.12 50.14
MobileNet-V3-Small 1.6 0.06 87.90 61.74
MobileNet-V2 2.4 0.31 91.69 69.16
MobileNet-V3-Large 43 0.23 93.57 73.27
MnasNet 0.5 1.1 0.11 88.13 62.60
MnasNet 0.75 2.0 0.22 91.44 69.20
MnasNet 1.0 3.2 0.32 92.81 72.70
MnasNet 1.3 5.1 0.54 94.41 76.64
EfficientNet BO 4.1 0.40 94.63 76.00
EfficientNet B1 6.6 0.60 94.95 77.96
ResNet 18 11.2 1.80 94.66 76.85
VGG 11 129.2 7.60 94.25 75.82
VGG 13 129.4 11.30 94.38 76.46
VGG 16 134.7 15.50 94.63 78.19
VGG 19 140.0 19.60 95.25 78.19
MobileViT-XXS 1.0 0.33 84.98 55.96
MobileViT-XS 2.0 0.90 89.55 64.34
MobileViT-S 5.1 1.75 93.64 72.93
M2CNet-S 1.8 0.23 92.46 71.09
M2CNet-B 3.5 0.39 94.16 75.32
M2CNet-L 5.8 0.60 95.31 78.39
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Fig. 7 Thermal map of the network focus area
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