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Table 1 Dataset sample statistics

7] iR ZERE PR ik
Plant Disease type Severity degree Lable Amount
s —fk Al 407
R T A2 400
" — A3 400
g Rz iy A4 419
Grape — A6 392
RS JEE A7 356
{2353 / A5 423
— B1 200
7
R Ry B2 200
. — % B3 311
:ﬁe R 5 B4 268
] — B6 235
RE FE B7 215
2353 / B3 300
oy —fk Cl1 351
Eyven S JEE Cc2 360
A —fi Ca 352
Potat Y25
e B A cs 300
2353 / C3 152
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Fig.1 Sample diagram of crop disease data
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Fig.2 Sample diagram of data preprocessing
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RegNet [ 2% 1713 B3 i 8 5 2 Bk PR A 3L 43 A1
DAL SR SR AT AN 5] P ) 2% 25 W SRAL BRAN [F) 73 AT 5% 0 B2
ZH AT 81 RegStage ' Block HIREL d;iv B4
RegStage 4 tHAEF5 ) Channel %7 w; A1 Block F14&A™
Group 1% % go IHIEXTIXJLNSEART, [ERI25 P
RE 1A B i 0 [R] I AR Rt sl D> TR S 80, Ntk T
YIZRHE . RegNet Wit [A] /R4 (1) A4k H 3 #53 2H A
7B FEHINZ Steam. B TJZ Body Flfii tH /= RegHead,
H e 3 fk 2 fis.
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Note: d; represents the number of blocks, g represents the width of each group, s is the stride, w; is the number of channels of the output matrix, 1x1, 3x3 is the size of the

B 3 RegNet 28 4 A B
Fig.3 RegNet model structure diagram

convolution kernel, and r is the reduction coefficient

# 2 RegNet PLRLEH
Table 2 RegNet network structure

E4 LIPAPNGN LEREPNAN 3]
Layer name Input size Output size Type

Steam 3x224%224 32x112x112 3x3 Conv2d
RegStage 1 32x112x112 48x56%56 Block
RegStage 2 48%x56x56 104x28%28 Block
RegStage 3 104x28x28 208x14x14 Blockx4
RegStage 4 208x14x14 440x7x7 Blockx7

RegHead 440x7x7 1x1x19 7x7 GAP. Dropout. FC

i GAP 94 7Tt . Dropout NBENLKIE ML TR H. FC ALE
Note: GAP is global averaging pooling. Dropout is a random inactivated neuron
function, and FC is a fully connected layer.

Steam Jz F RS AN R RS B4 N0 EAT AL 22, 4
ANEG G — KA 20 BRZ KN N 3x3 @S
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1M B Block Jyii A 70 2GR B ZE 45440, A& 3 (Block
D FR, FEIASREONIEE s=1 BIENL, AN bR
s=2 [0, B r R 4am R 2, PR stride 4%
T 1B, HIANFH R - OREE 2, 4 s ST 2 W
FEINI =0 PR R B R ARV AR (S Bt
A H 4Rttt (Global Average Pooling, GAP) . i
ML 2K & # 28 JT R 2 ( Dropout ) 42 3% #2 )2 (Fully
Connected layer, FC) %1 RegHead it )= 24T 7325 .
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ECA (Efficient Channel Attention) ["If&—Ff g 25 (1)
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B, RIEIEIE FR A 43T sh i, Mk
g
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Cx1x1

TE: Ho W COYRURRHE I v FoBIE 4L @R Sigmoid Wi B, ©
FORHE R R AT o

Note: H, W, C are the height and width of the feature map and the number of
channels. () represents the sigmoid activation function. & represents
weighting operation of the matrix.

B 4 ECABRA LA
Fig.4 Efficient Channel Attention (ECA) model structure diagram
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BTG RN A SRR AN E 2 HERE R, Bl
2 REZRHIE R A 20 5 R .

A AR R

o Output feature matrix
SxS§%512
Uﬁﬁ)\lnput D

Conv 3x3  Conv 5x5 Conv 7x7 Q

L7 7 7 ~ el
N N 12X
MaxPool:2x2 MaxPool:2x2 MaxPool: 01 as 2 GX_T
QAN 373 4L1JC
Conv 1x1

ﬁ -scale MaxPool
iy NAREAE B
] $%S%512 Input feature matm!

Z REEER EINI K es

Multi-scale convolution Multi-scale pyramid

FE: Conv ABRURME, 3x3. 5x5 1 7x7 {REBHUZIN LT . MaxPool {LE
KA, 2x2 REERMAAZII RN . 2 RSB RERE R 20 3R 1. 2
A3 AEEBCRIAL R RAE . SxS ARERFAE B FIRADN, 512 R HIEER.

Note: Conv is a convolution operation, and 3x3, 5x5 and 7x7 represent the size
of the convolution kernel. MaxPool stands for maxpooling, and 2x2 stands for
the size of the pooling kernel. The feature matrices in the multiscale pyramids
are downsampled using 1, 2, and 3 times maxpooling, respectively. SxS
represents the size of the feature map, and 512 is the number of its channels.

BS5 2ZRAEMERSEME

Fig.5 Multiscale feature fusion structure diagram
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ZEnE 6 s B AILEBUEN Steam BRFATRAESE
O, ZiEHE Conv2d 541, BN (Batch Normalization)
LB — 1A ReLU BuE sk E4 R, RIS 6 H1H) CBR x
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3 WEMESERSH

3.1 REIMERLE 51N IEHR

ARG A Windows10 #:1E RS, BITNTEA
16 GB, #£#% Intel Core i7 10875 4b¥ 2%, GPU XK
NVIDIA GTX2060 6 G, CUDA fRA< 10.1, IRE2ESIHE
N Pytorch 1.7.1, %W i¥31154704 Pycharm/Python. {46t
X (Batch Size) H 16, £ KECHN 100, ZhESHEE
A 0.9, K HBEALESE R B9 (Stochastic Gradient Descent,
SGD) SRARAAMEA &2 50, I AR & EREZ
Z BRI Droupout B¥HENL AT AT, EFRA
0.25, F R MR Bt S A B R, IR A2 (I Zrisk i
WIUE>] 2 (Learn Rate) W E N 0.001. E4 3L+ RegNet
FAHBBES DI d=13, w=24, b=1, g=13,
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i ECA NEBUIBIEEE .

Note: CBR-x is a basic unit, Conv2d is convolution, BN is batch normalization, and ReLU is activation function; RegStagel~ RegStage 4 are four stages, each of which

contains BottleNeck module; ECA is efficient channel attention.

B 6 RegNet-EMTL #£A!
Fig.6 ECA-Multi-RegNet-DeepTL model

N1 AT TVFAR AR SCHR R 19 AR AED0 3 11
FiR RegNet-EMTL 73 K1k e, A STHE R e
(Accuracy) - F5HEZE (Precision) . HAMZE (Recall)
F1 A3 B FABEAL RN R PR AR (1 B
3.2 HEWHERS5HH
3.2.1 Il EkiXie

1) HCHE 18 5im SR S A5 1) 52

DI IEAE S B 1 5 SR A A, ASSC L RegNet
SRR N B IT e Xt Lok iXIe S Bk E A E, K
WAIRWE 3 Pron. 725 ANELEHEIG 52 R0E e, R
AR R 52T 3.9 AN F 20 s, 10 B SR F A 4Bt 4 o
SR W] LA ROty e I R A I 2 e, 4R THE Y 32
eed. FET U, fEASCHAb AR T, BB
TE LA 1 5 SR

3 BURHESRRME T RegNet BENAFERRE
Table 3 Recognition accuracy of RegNet model with data

enhancement strategy
%

HE H e SFHIRE F1 534
Data increase Average accuracy F1 score
7t No 84.1 83.1
H Yes 88.0 87.4

2) FERSIHUBAE R 152
X B AN [ 5 LA X S R F) S i 28R, AR S AE

RegNet #H [F B W 2 = 2 [8 4 Al ¥ W 71
(Squeeze-and-Excitation, SE) ¥ 7 /y#Ht . (Coordinate
Attention, CA) POEFE JJHEHU ECA VR i, il
AR HATIRUE, WIS Rk 4 Frox, JREHE D
K7 .

x4 HEFEEBEDNNFIEELAAERE
Table 4 Recognition accuracy of models combined with different
attention mechanisms
%

Y SFIRE R F1 534
Model Average accuracy F1 score
RegNet 88.0 87.4

RegNet+SE 88.4 88.0
RegNet+CA 89.0 88.2
RegNet+ECA 89.5 89.6

1: SE. CA. ECA 73l A SRR T1. ARERTT. ARGEEEE I
. RegNet B ARUEHY A0 PR, R,

Note: SE, CA, and ECA are squeeze and excitation attention, coordinate
attention, and efficient channel attention mechanisms, respectively. RegNet is
the model with data enhancement strategy, same below.

M2 4 W50, fE5I N SE {EE IHLH]. CA FEE I
HIAT ECA V=B AL Jo A5 AL T 2k P AR 5 T T AR L 43 31
BIT 044 1.0 ANAT 1S NFE 4, 1 W RegNet 7E5]
ANE R TP G BT LSRR AT B A MR . X LG T B
RegNet+ECA f A AH5T RegNet+SE #F1 RegNet+CA
AL, USRI T ECA VER I RegNet W45 7E7q H %
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JRIR, Alfig 5% RegHead 73252 X AHUR FE4FIE 2
BRI/ R TR X o, REH— Dok, #

THA AR

AlEI7 200001 00000000100 Al tooo010001000000
A2 000000000000 A2{ofls 100 100000000000
2 A3 000010000000 A A3 o1 000000000010
2 A4 2000000000000 2 A4forsBoo 100000000000
_:_‘vﬁg 0 000000000100 2220000 0000000000010
2000 2 000010000010 2000 LEl300000000001
§A7 000 000000000000 §A7ﬂaaoo% 00000001000
O Bl{fooo o000 0810000000000 O Bl{ooooooo@i1 000200000
gBZaoouuuuaasouuluoouuu gB2vnnnoonhssonn|noouo
£B3ununnonou22001;00000 £B3oauoonooauoonnaqo
3 B4{ooooooo0o0o0 7Bloo 100000 o B4qooooo oo o0 7@oo 10000
k@‘BSuUunno(xouon.s 00010 k@BSunnnooonoun2000(1\
l)gB6xnuuoooluonLxs!ouuo) l)gB6ﬂauonnonaanx:uxnaﬂo.
= B710 00000000000 9@ oo0000 = B7{o000o0o0000000 7@ ooo0 10
= Cl{oooo0oo00000000o0ffoozo = Clqoo00000000000offoozo
k’r:_—»<C2(xuouuonononuun] 001 k’r:_—icz‘uaounnoqoanuons 011
C3{1000100000000000230 (C3{1000300000000000250
C440 000100000001 2101 1 C441 000000000001 0000
C5{00000000000000000C C5{¢.00000000000000002
SOOI — I OO T —CCN <FN OIS TS —CICA OO T =N <F U
<L L L L LR MAMOOOVO <L L L LR MAMOOOVO

FLARZE True labels
b. RegNet+SE

3R True labels
a. RegNet

e XL LR RIERIOPEASE, HACA D R R IR .

% Predicted labels

i

TR F

Alf s 1000000001 0000000 000000000000000
A2{:B20000000000000000 1 2000000000000000
A3{s 7000000000000000 @ 7 9 000000000000000
Ad{o 2 o oo 1000000000000 2 00 2o 00000000000000
AS5{0 00 0 0000000000200 =] ooo0 ofJooooooooo0001 10
AG{z o000 IEgs 000000000010 - 1000 0000000000010
AT7{00o0o0 o0 t@oooooo10o1000 QS A7joroo o0 iflloooooororo000
Bl{ooooooo@z2000z2000000 Q Blqeoooooofigl2 0002000000
B2{o 00000 0580001000000 ngoooooouozsououuuuuoo
B3{o 0000000 off]l200000000 = B3{ocoo0o000 00 offsooo000000
B4{ooo0o000000 1800000000 qu‘B40:»unonooooasomnnonoo
B5focoooooooo offzo00010 e B5je 00000000003 t00010
ggunuuumunuuuzn|onoon l)gEguouﬂuuuunuuzasnouuoo
000000000000 8@oo0o000 = 000000000000 7B00000
=
Cl“”“""”“”"”””"'ﬂﬁ"“' gclnnonnoonooooun 0010
C2{o 0000000000000 4 001 = (C2{0 0000000000000 4 000
C3{00001000000000002760 C310 000 10000000000 02810
C4qoo0000000000 12110 s C4{o 0000000000021 100
0 0 0.0 0 0000002 000 000000000000001
0 0000000000000 2
OO TS = OICNHONO T — N <t W) =IO TS —OICNHONO T — N <t W)
LLLLL LM MOOVO0 LLLLLL<LAMNAMAMOOOO0

FLARZE True labels
d. RegNet+ECA

H 3R True labels
c. RegNet+CA

Note: The numbers on the main diagonal represent the number of correctly classified samples, and the rest are the wrongly classified samples.

B 7

TREEE A AU 64 R 4 T )

Fig.7 Confusion matrix of different attention mechanisms
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Table 5 Recognition accuracy of models with multi-scale feature

fusion module %
il Rl F1 5%
Model Average accuracy Flscore
RegNet+ECA 89.5 89.6
RegNet+ECA-+Multi 91.9 91.1

e Multi % RERFAER A

Note: Multi is a multi-scale feature fusion module.

o N

o o o

o0 oo

o oo oo

U o o0 oo

[S) oo oo o0 oo oo

s OO0 0o oo oo e

cCo o000 o000 QO
(=B BN — B - — N — T — ]
o o co0oocO0OCcOoO0O0C o
o Cc oo o000 000 oo

e

-0 0000000000000

EFE

WO - -0 00000000000
©O O 0000000000000 oo

c oo o e
'S

o o o™

Bl-oooooooooo.&.ooooooo
Bz—oooooooooo.woccoooo

C3Homv B ooocoooooooocooooo

cad-

Allo c o oo oo ocooo
C5

%

joe]

wn

;
Allccoccococoocoocoococowooannn
Adlc coccoocoocoococoocomo oo~
AS-OOOOOOOOOOOOOOOC"\
A4-OOOOOOOOOOOOOOO
AS—OD—‘OOOOOOOOOOOO
A6—OOOOOOOOOOOOP—‘

B3'O [ B - B — R — I - T e~ ]
B4'O o0 0 0 Q0 .
B6{o - © © © o

B5{c o - o o ©
B7 1
Cl4

C24{o o o

HIhr2

B 8 RegNet+ECA+Multi AR 77 4E 14 )
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Table 6 Size and recognition accuracy of different models

B AR [ EEPNAN 3
Basic model Model size/MB Accuracy%
Vision Transformer 327.0 70.7
VGG-16 512.0 88.5
ResNet-50 89.7 92.4
InceptionV3 89.3 90.8
ConvNeXt 106.0 929
RegNet-EMTL 53.9 94.5
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Fig.10 Recognition accuracy curve of different models
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Table 7 Recognition results of RegNet-EMTL model on crop
disease and damage degree dataset %

Pas R YU BN Fh 2 A [l 28 F1 5%

Lable Disease type Precision Recall F1 score
Al — R A SR 89.4 93.8 91.5
A2 ) EE A A R 93.5 90.0 91.7
A3 — A R 95.0 95.0 95.0
A4 B 2 SRS 96.3 95.2 95.7
AS A R B 100 100 100
A6 — FRCHR ] A 94.0 100.0 96.9
A7 B A R 100 93.0 96.4
B1 — R R 97.5 97.5 97.5
B2 7 I R 97.5 97.5 97.5
B3 —E AR B 81.5 85.5 83.5
B4 S SRR B 82.0 77.4 79.6
BS SRR 100 100 100
B6 — MR R 91.5 91.5 91.5
B7 JRs i LY 90.5 90.7 90.7
Cl — M R 100 98.6 99.3
C2 L T 2 RLE 98.6 100 99.3
C3 SR E R 90.9 100 95.2
C4 — R R N 94.3 943 943
Cs L T 98.2 93.3 95.7
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Fig.11 Output visualization diagram of each module
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Identifying the damage degree of various crop diseases using an improved
RegNet

Du Tiantian, Nan Xinyuan™, Huang Jiaxing, Zhang Wenlong, Ma Zhixia
(College of Electrical Engineering, Xinjiang University, Urumqi 830017, China)

Abstract: Crop yield has been one of the most prominent issues in the world in recent years. However, crop diseases have
posed a great threat to crop yield. It is a high demand to timely and accurately detect crop disease types and the degree of
damage. The manual recognition can rely only on skilled technicians. But, the visual fatigue of humans can easily lead to
reduce the accuracy rate. The current machine learning cannot consider the correlation between the attributes in the data set,
resulting in low recognition accuracy. In this study, a network model was proposed to identify the damage degree of multiple
crop diseases using deep transfer learning and improved RegNet. The model contained four aspects as follows. Firstly, an
online data enhancement was carried out at the input side of this model. Nine strategies were selected for the data enhancement,
such as the HSV color variation, grayscale transformation, and Gaussian noise. The diversity of data samples increased while
reducing the time and space for the data set collection expansion. As such, the over-fitting of the network was alleviated during
this time. Secondly, the Efficient Channel Attention (ECA) mechanism was introduced into the feature extraction layer of the
model for the cross-channel interaction. The model was then improved to extract more subtle features, particularly for the crop
disease features. As such, a higher accuracy of recognition was achieved for the crop disease damage, which increased by 1.5
percentage points, compared with the original model at the same model size. In addition, a multi-scale feature fusion was
introduced into the classification layer of the model. A spatial pyramid pooling was adopted to highly improve the accuracy of
the model. The degree of crop disease damage was classified at different scales, especially for the fine-grained features.
Correspondingly, the accuracy of crop disease damage recognition increased by 2.4 percentage points. Finally, deep transfer
learning was used to optimize the overall performance of the model. The convergence speed was accelerated to improve the
generalization ability of the model. The recognition accuracy was improved by 2.7 percentage points, compared with the
strategy without deep transfer learning. The experimental results show that the improved RegNet network model achieved 94.5
percentage points accuracy on the dataset of crop disease damage level, which was 10.4 percent higher than the original one.
The recognition accuracy of the improved model was improved by 2.1, 6.0, 3.7, and 1.6 percentage points, respectively,
compared with the commonly-used classification network models, such as ResNet50, VGG16, InceptionV3, and ConvNeXt.
Consequently, higher accuracy of recognition and smaller model size were achieved in the improved classification model,
compared with the rest. The better performance of feature extraction and stronger classification ability were also obtained for
the fine-grained features during this time. The finding can also provide a promising way to identify the crop disease types and
the degree of damage.

Keywords: crops; models; disease; RegNet; ECA attention mechanism; multi-scale feature fusion; transfer learning



