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Crop Pests and Diseases Recognition Method Based on
Multi-level EESP Model
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Abstract: With the rapid development of Internet of Things and artificial intelligence, the detection and
treatment of crop diseases are gradually developing towards intelligence. Using computer vision methods
to identify crop diseases accurately and efficiently was of great significance to ensure the normal growth of
crops. In order to extract the high-level semantic features of images and solve the problem of different
image sizes of various plant diseases and insect pests, a multi-level extremely efficient spatial pyramid
(EESP) model based on deep learning was proposed. Firstly, the image was preprocessed, and then the
proposed model was constructed. In order to extract characteristic information of different scales, the
cavity ratio was different in each layer. By integrating the information of each layer, different
characteristics of various crop pest images were obtained. Finally, crop pests and diseases were identified
through image classification method. The data set included 61 pests and disease categories of 10 crops.
After 300 epochs training, the experiments showed that the Topl accuracy of the proposed model reached
88.4% , which was effectively improved by about 3 percentage points compared with that of traditional
methods, and it was found that using the three-layer EESP model can obtain the best effect. It had
certain practical value and can be applied in actual scenarios.

Key words: crop pests and diseases; deep learning; convolution neural network; spatial pyramid

structure

0 3= X T AT AT B AR A AN A X 4% b

- ARNEYG s HEAT B IS AT , A RE AR Al
TEEAR A, R R ERAFWER, & AErmdg .

E RN RS % R LT RS A T AR , B RE A T % R AL

YR H: 2019 - 11 14 &R H . 2020 -02 - 10

HEWE . TEMLERFRASTH (2017M611737) FE S A RBHF R4 0 FIF H (61772242 61572239)

TEFE/ N RRK(1959—) , B, #08Z, AE 00, 2 AHRG OIS 55T A28 550N BT, E-mail ;. yqsong@ ujs. edu. cn
BEMESE . X (1982—) , @, W=, A S, 2 NFH RIS SEPEZ IS, E-mail ;. 1zhe@ ujs. edu. en



%8

KPR &, BT L2 BESP W 2= IR AR AR AR HL R0 )y ik 197

WFFEIAT TR 25 | [ N2 s 0 21l
AP b R SR R T A R TR G FR
B T BRI (5 SRl A A B3 i R I &R
g8 AR T IR I SR BEE R T Y
P & i, BIR 93 K4 55 IR 249 3] 1T 3 K 4R
THE S B A LeNet — 5 A1 F MNIST ¥4
o, B TR AR HE R, R LT
AlexNet'”’ | GoogleNetm . VGG, ResNet''" |
DenseNet''')  CSPNet' "' 2545 R 75 (R /327 b
BRI RN — 20T, BRBEAE 2]y e i v T T
AN HUE R 5E 1, ZHANG 457 R VGG —
16 A& X8 A [a] Fof S0 o SRR 4% 1) S SR e AT 026
WEFRIEH 90. 4% , YANG %51 42 3 TR 4%
FRCRf 28 0 288 RS0k 7K e et A T U3 A R ik 3]
T 95.48% . HULFHE I 5~ J7 14 GE % PR 33 A
KM £ v 272 o] B 55 B AT 40 24T 55 IR AR
AT 55 REAE AT B = I RCR ARG, A
SCHE 3 i 22 SR R I RS RY R B 2 ) T i ok 4 s A
YEY 9 13 TR

1 HXEP

L1 ZREER

251 %5 F ( Dilated/atrous convolution ) , 1 1Y i
KA SR AEARE R S B B IR A ST LR
IESZ B A — BRI, SR E T
— N ESEFR A R SE R T B TR Z ]
(I BE S, A e i 25 T B AR E A T 1 s

’+_c . -_-— ]

(a) ZTHFEH (b) 7SR N2

B 2 m
Fig.1 Dilated convolution

Kl la 2sifH R 1 B3 x3 B, K 1b h=s
T A 2 1) 3 x3 BFL, LBREFZIL S 3 x3, {0
EESTAECR 1, WX T — 7 x7 WER, I
Hirfr 9 AL SN 3 x 3 (B AT LR,
Hoaxmzng, nTUERRRERE R 3 x3, [z
PO RN T 7x7, B 1c ZZER 4 (EH
B 2SRRI TR R 2 (B RS, ARk
F 15 x 15 BYIERZ I, XF F AL 58 10 6 FUAE 3 A 2F
KA1 13 x3 BRERMES IR HAEIAE] 7 x7 1Y
A7 BT B B UG MK S T B R IR
PP R R K

(c) ZHHHA

1.2 REASEER

1 25 3 R[] it 2 i XS A 38 3 9 T 78 1T 43
e AL S B AP S BT = 70 52 e = v e 5220
B R 2 Bk, et R
—n xn WUEIEAS, HA A B EECH o, f i iE
BN oo ABBBEBRISEEE R e’ TR ] 47 B
B SHERATE n’c+cc’ = (n® +¢')c, B i th il
HEHIZ | SRR KBRS

N RECEE ik 2
K2 HEAEEROT R R

Fig.2  Computation of depth separable convolution

2  ET EESP =RERIEYim R EIR T2

AR FEIE T IR 2 2] T i M A B R
BEAT SR, 1 S SO B, X R R AT AL
O E R UG E AR 2 )2 EESP M 2% 3T
G AT 2 )2 UCRIER I, #2538 5 Softmax pREONS
ARIENAVRFIERE TR ARSI, AR Il 3
s o P, R T2 n Ffipg HUE BORESR

PiliE="%1¢ 10z

KTk £

B3 ARSOOrkmAEE
Fig.3 Flow chart of the proposed method

2.1 ETEREBERLE

HAl, KRB IR S B2 28, B
AL S REA LR AR DL 306, 2
WL TR, i 4 Box,

FEARA Al 22t e ik UG 55— R B R 55
SR R UL SR A [R] S Bl AR A o Al LT — 2L



198 £ 0k HLom E Mk 2020 4
25001 K5 | e | R AR [0] [0]00Lipg EECSAES
1 | o | 00Ljpg }S > 3] 1{002.jpg| [ 00Ljpg 1
2000+ 1 [ 1 [ 002pg |77 Z2[0]00Lipg 005.jpg | 2
2 [ 0 | 003pe 0 [00ipe 003jpg | 2
18 1500 2 | 1 | 004jpg |ts=3 Jbe 007.jpg | 3
ﬁ 2 | 2 | 005pg || . 001jpg | 1
# 1000 3 | 0 | 006.jpg % (2) %g@pg 004.jpg | 2
3 1 0074J‘pg o Ty 004:52 N 0024J‘pg 1
500 3 12 | 008jpg [rS=5 o] [0]003.ipe 008.pg | 3
3 3 009.jpg ] 1004.ipg 003.jpg 2
0 10 20 30 40 50 60 SRR, . Oivs | 3
KRB T 5] [low] | ok |1
(2) W&t ! i 2] [2[008.jpg| | | O02dpe | !
4 | 2 | O13.jpg 41 »f4]o10jpgl! [ 006.jpg 3
4 3 014.jpg 1] 1]007.jpg 010.jpg 3
4 | 4 | 0t54pg g [O] 0]006.jpg 004.jpg 2
4 | 5 | ot6jpg |[* \ Olljpg | 4
4 | 6 | 017jpg 012jpg | 4
4 | 7 | O18.pg : 4
4 8 019.jpg 020.jpg 4
4 | 9 | 020jpg
&5 HERFEAEL
Fig.5 Resampling algorithm

10 20 30 40 50 60
KiF=
(b) HrikgE

K4 Bl RReA A
Fig.4 Sample distribution for each category of dataset
AT ER AR A
N T DRI A AN A [R) 3, T S0 R R AR B
DRSS, R TR SEATREAS ER AR AL B B
[LSCRZS I
B D R HUE RS
c: FEL
B L. 513
TR @ BREAR BB 5 S, 5
fori=1:c do;
ifi<=S,,:
FFG @ AR S, B BEPLHES
R L,
FHHNF LA id (X% 0 28 500 () %5 i S,
W  ARAR XTI B3R5 M
R ZE 5 R4 3T 7 4 AR
FE55 | R RESINE] S50 L.
end if
end for
XF L AS—ANBENLHEY 153 B i a1 3%
return L
K5 N BRI — D3RO, Ed ER A
TR THIAL B b e A [ 286 031) 22 TR) AR A AN 24 4 11 )
R, RN ORIE T 8s SR AN 2 K, AR PR a4 o3
fi i 6 Pivs .,
2.2 ETESEFHIMARMERE
2.2.1 ESP fll EESP #itk

fm B 25 (6] 45 - ¥ ( Efficient spatial pyramid,

2500

2000
15 1500
e
#1000 |

500

0
10 20 30 40 50 60

FHFT
K6 ERFER A GBI ERE AR A

Fig. 6 Sample distribution of dataset after resampling
ESP) % BURBL 5 il MEHTA %51 7£ 2018 442
I T R TR Cr ], Ad i TE R4
TREF B R PE RN & 1k, 280 U Z R FE TR AL
I HEAT 55 W SRR 2 0, BARSS ) an ] 7a
7R o ESP BEBRFEALIRANT : OXF M 2 i A5
TR d > M x 1 x 1 BB SRR 2 d 4k,
QT kAR I A 2 4 B A0 SR D 3 1) 45
MEFEATER A2 & AR/ FE AR R, @OX |
— JR 5 A kA RAIE B % — i R AT P A
A S RERA R

T S In s %, MEHTA 451 S T
B v A S [ 5 B (EESP) B BUBEHL, anfal 7h i
7N, %F ESP ALHUE T 4n R 2 it . O ESP 9 point-
wise LR JZ B A group point-wise £ FR)ZE Q%
ESP &5 25 T & FZ B 4 depth-wise 25 Jli 45 FH
2, Q7 ESP 5 {# Fl—1 group point-wise
GRUERSF AN ZZ RN EEHE .

55 ESP # Lt EESP A] LI/ 2 24, NMTAR
KREEE FIRFEACE,

K7 o, Conv 3R /R 15 58 1 1T 43 55 45 FLER AR,
DConv — k F/RZETHE R k 125 HEF, DDConv — k



%8

KPR &, BT L2 BESP W 2= IR AR AR AR HL R0 )y ik 199

FRaS i RN k1Y depth-wise 25 EFL, (n xn x
d,d)ZFmm d DRIBECN d B9 nxn B,

1x1xM,d
Conv

lnlxnlxd,d lnzxnzxd,d nxnxd,d
LD [DConv=1] [ DConv=21] [ DConv-3 ]

£90

nxn xd,d
e DConv—Fk

™ VAR Van)
P2 ) U T v
[an)
A\
(a) ESP

1x1xM ,d
GConv

nxnxd,d

nxnxd,d
A9 [DDConv=1] [DDConv-2] [DDConv-3]

nxn.xd,d

nxn,xd,d
- DDConv—£

5 &5

P2 L6) D \\¥ (v

(b) EESP
&7 ESP.EESP fRtztfy
Fig.7  Structure of ESP and EESP

2.2.2 £JZIK EESP BRI R 45y

EESP 5 B 4R T+ T 04T 55 38R  (H2
T45 FhAE A s HR 5 DX B R ST 45 AR A TR, B — 1
EESP BIHRAEAR M H 3 E s 4 b IF N e AR 47
79325 BT IR 2 2 EESP bk DK e 1005
HHES B — T 4028 BE W R T I HER R

kT DR G ) RUBEAS - ) 8, AR SR FH 22
2 EESP BRI 02 &l 8 i, Hibp (i =1,
2,-,5) ML R FRAE E A RS,

R 2 B B R — AN R 2 BT,
Jeit A% 1 )2 EESP AR (EESP ~1) B H 5 4>
EESP #ide BRI i, EESP — 1 W44~ EESP R i1
2SRRI 25 W R 1.2.3 -, AT AR IIETE
— e AR BCEL B A /N 1 HOE RRAE, B S A
EESP BiHAb 358 B , 47T — KN REFRAE , $iAT
AR 2 BB AR O T B s RS U E IX
WU R AR FRAE (S B K e s A2 3 x 3 P34t
EEAE (BN 2) B IR BT 2 A, Fks & m
LSS A A E AR 2 |2 EESP 4] A 45 (EESP —
2), LAZEHE, BRI 5 2 EESP 4 & (EESP
5)RbBRTERN, BRI R S E IR 1 s (i
ABG R 224 18R x224 18%)

5 )2 EESP 4l A AR B 5E i 2 )5 KB E B
I EE R IEAT 4 5 V- b Ak, ST 2 S PF A
EHZ P AR . — By EESP . 38 B 5 —

3x3x3, 16, 25K Jy2

> Conv
3x3, K2, EESP-1
BEEIRECNL  3x3x3,3 1x1x3,N P xP,
—)[ Pooling ]—»[ Conv ]—)[ Conv ]—Pé
33K R, EESP—2
N B wiba | EEUECN2 3x3x3,3 1x1x3,N PxP,
o] 4 Pooling ]—b[ Conv ]—)[ Conv ]—)é%—b[ Poo]ing]—bl Concat l—)O
I i
3x3, 5K A2, EESP-5
TEIRECNS  3x3x3,3 Ix1x3,N PxP

—>[ Pooling ]—)[ Conv ]—>[ Conv

)Pl

K8 £ EESP #iAIZ5HY
Fig.8 Multi-level EESP model structure

SR PR JFHRE . Wy EESP SEHUES 4 2R 5 2
IR Z JSHHE, =B EESP. 30U 3 4 5 J2AbHE 2
JEHREE, TOBY EESP. 3£ HUE 2 3 4 5 R Z 5 FE
fiE, FLBY EESP. BEHL 5 A2 b B2 5 HRAE
RRFRER U R Z )5, 2 B 3T — Kb ik
Y AR 2 A B AR 3l 6T 7 J2 HRAE 1 ) R F it 47
BEFE BRI IL 2 IR A B ERAE R RS R 1 x 1, 4R
Je R4S 2 ARRAE 34T PF 2 ( Concat ) #2122 J5 F

115025 . XFEBRAE PR UEAS [A] R (R0 H 3 X s
SRR 43 2S , AT I S 4 = o SR B
2.3 EiEXHM
Z 2 EESP BRI YIRS
B T 9 R B
n: K EEL
k.0, MBS
6. VIR LSEL



200 P 1 R = 4

2020 4

®1 ZEEESPHREZESH
Tab.1 Parameters for each layer of multi-level
EESP model

UREEE YN WA V=1 fir i

= (BExBE) W SHBTERE
3 x3 Convolution 112 x 112 1 16
EESP 112 x 112 4 16
EESP + Avg. Pooling 56 x56 1 32
EESP 56 x56 4 32
EESP + Avg. Pooling 28 x28 1 64
EESP 28 x28 4 64
EESP + Avg. Pooling 14 x 14 1 128
EESP 14 x 14 4 128
EESP + Avg. Pooling 7x7 1 256
EESP 7%x7 4 256
EESP + Avg. Pooling 4 x4 1 512
LEHER 1 59
fori=1:5 do:

S3HC EESP R 2 A S PR 2 2 0, i +1,
P42, ey
ifi>5-n:
HEAT AL BCRRAE DA
TR ER 2001557 ;
B HIXS F, TH AR R L(6) 5
o FBEALRS B T RS AR 6 = 0" -
AV,L(6) ;
end for

return 6

3 ZWERENHN

3.1 HFEEELKRINE

KBRS F AT Challenger 2018 (https: /
challenger. ai/ competition/pdi2018) , ¥ &Y Fp—i & —F2
BEAPIE A5 10 AR, 3k 61 A0 E . RS
Kt & 32 768 W I R4 K15 A4 992 i Bk 4
B, 322 R TR AEYIAN IR BE p s IUE IR

i FZ B 4R 59 DG (EBRSE 44 45 28)
it 32766 MEEMG AT, SR Pytorch HEZ2 it
175290, 7E 2 B NVIDIA GTX 2080Ti K b 4752
%y, IEAd A CUDA9. 0 Fll cuDNN £ % ¥,
3.2 XIg
3.2.1 HAISHE

H A1 25 00 2 BB 1 J7 =CA7 2 8 G035 T A
LRI AL B BRI 1A A A 1, AT DA P A At o) 2%
Bl [ A O A SN ¥ G NI Vi A
ImageNet ™ I Zrbf AL E S HHE T 016 1k, R
il ESPNetv2" AR AN 257 =X, BRI 2 2] 3%
n, AN

x2 WMoEYMAREERREERK

Tab.2 Images of different crop diseases in several plants

==l fHe — JEE

HRET

HERE

EE N/

FAFE

T L

R A

M, =Ny = (2 mod T)m,,;, (1)
Arf —— KA
Non——F R T
N ——F R LR
T—EH Y mod——RAVIRAE BR%L
H Nuin =0.1,m,..=0.5,T=5, M % 4 Batch size 1%
BN 256, IEARIRER B R 300, B 50 REA R 22T
FPCE, BN, 55 128 AR %R 0.05, 8
S AR AE SURE 5 2 PR BSOR N 2545 B R LA A
N C
L(x,yw) == 2 ¥ (ylef(x) +AR(w,))

n=1 i=1

(2)
o () = &
=5
R(w,) =2 lwl’
X £ (x)——% 5t Softmax PR AL B (1) 4 2
[f) f2 P AR T
T A3 i P AR T
x,—— T AN ) B v A 6 j T2
v TR R PR A REAS T (1 2

I B R E AR 1, HAe
M0



558 M RARIR A FET Z)Z EESP RIE2 5] B A A W s U3 07 3k 201
N—FEA Ko FHOE , NRFAETE R T 19245 AR B, RIRHETESS

w45 j AT 5328 [h] Sk AN ) o

R(w,)—L2 IEWI c—250 50

A—HEHE, R4 x107°
3.2.2 i ERR

IZBETRAE 4 992 M 5031k 4 R Lt E A7 ( [R]
FELBRXTIAYEE 44 45 25) o RIS 3 254855 1L
15 B Topl 1 TopS TEH 48 A5 1 47 45 B BF A,
Top! F& B 5 i 114 118 A% 58 ] i mb A o3 A KA 288 031
A SR TN 288 1), 20 S AR L S 2K ) — SR T L A
DUV A8 152 5 TopS 4 IR S %6 1) dat P B KR TG S
AR 250, Horb A B T B B Ry 1
1EH,
3.3 EIERSH
XF—B A= B EESP S5 817 47 L8, Y112k

IRME 9 frox, MWEIHATLIE Y, =B EESP £
RIPR T REAS e, o = By EESP BRI 3 4~
[ i) EESP SEA7Hm e T AR ROBE T B RRAE , (5
PR R AR AE Y FE RIS, e
FAN LT 200 RIEARE , BT IIAT 12 1E N,
PRI B W 2% R T RasE , it AN 2R 1
Mo B —a ks,

3.0k —— —HrEESPHIAI

25l —— = HrEESPf#]
@207
é 1.5
1.0

05&%_\'

1 Il 1 1 Il J

0 50 100 150 200 250 300

PRI

K9 INZRBIIAB Y AL AL 25

Fig.9 Change curves of train loss

AR RN R WK 3, WK 3 thal ik
B, =B EESP (R R 7 R8O R B e, BIMEER 3 .4 5
JEAL B2 5 B R AE B I R REAR A B B AE .
B PIE AR Z RS P ICA [R] 70 HE 3 (4 1R 35 P15
£3 SEBWLAERE
Tab.3 Testing accuracy of models of different levels
%

AT A9 J22 S B 2, R ) )23 A R AE P 2 I BE RS 1A T
HEWR YIS, AN IR 2 2 H0 2 b, v LU )
DY B 1 B EESP AR A5 1] (1) o A 2 A — B L A 5
WA R IR )Z EESP A6 B 45 53] A o e 3
DX IARFIE AN BT, R D422 22 S5 % 43 2 1 45 | O
AR HERRIR T I A B3, SOmisgn T A ) &7 4%
B

T3Ah, HA A I AR B A R [ 6 AR BT 1 1
FOWE 10 Fron, ATLUE L XHEE B EESP #4
TR0 B 11 22 325 AR R ) 1 o e SRS T 4 1 A
300 WE kT PR, BRI Bk AR B 300,

87.51 e
85.01 el

- 2.5 / ;7-/
Ky /
5 80.01 ///

: FBEESPHUL

= 77151/ / — DUBTEESPAE

&_ "V — =HEESPRIR

Lo T4 — “BEESPEIT

750/ — —BEESPHE

700_ 1 1 | 1 1 1 1 1
100 150 200 250 300 350 400 450 500

AL
B 10 AFBEELEY Topl HERH
Fig. 10 Topl accuracy of different models
F 4 LG ML Y R R £
JZ EESP &5H 2 J7 Topl HER B BAR T, Tops HKIA
e TR K 33 1 B A FH A [] 23 B3 ) 23 3 45
B AES A BORAIHE B .
4 EGHERENREBHE

Tab.4 Testing accuracy of classical models %

[ 25 A5 A Topl Top5
VGG — 161 85.9 99.7
ResNet — V1 — 1011 84.7 99.6
ResNet — V2 — 1012 85.7 99. 8
Inception — V422 85.7 99.5
Inception — ResNet — V222 86. 1 99.6
MobileNet — V112! 85.0 99. 7

4 g

() IETFZ)JZ RS, 4562 T EIS
L2 EESP IR R TR T 2 )2 8RR A Ak

pidl] 0] [
R > = (s A o 520 T R s 2 {2
B EESP 87.1 99.6 HIRE 325, Topl 3 ZSUER R i =15 3 88. 4% |
“Br EESP 88. 1 99.7 (2) 85 51550 W 45 B R IR AT L35, 235 SR B
VB EESP 88.3 995 AR ST B ARAE P H 3 UG ) i R AR TR
LKy EESP 88. 4 99.6 W i
5 £ x o

(1] K357 BT R R AN R GERIDITE [ D], P42 BRPT R % 2013,



202 & o HLoB cE 2020 4
ZHANG Fang. Research on crop disease detection system based on computer vision[ D ]. Xi’an;Shaanxi University of Science
and Technology, 2013. (in Chinese)

(2] B&FT. RAFDFRLE R Ko O DR EOR ST )] RE S, 2019(19) :139.

YANG Shuguang. Analysis on crop science planting and pest control technology[ J]. The Farmers Consultant, 2019(19) : 139
(in Chinese)
(3] WM, RaaF, TR A, BT R DGR BE S A HU Rl R GE[ )/ 0L ). AR AL 741, 2013, 44 (44 1)
1):269 -272.
XIE Chunyan, WU Dake, WANG Chaoyong, et al. Insect pest leaf detection system based on information fusion of image and
spectrum[ J/OL] . Transactions of the Chinese Society for Agricultural Machinery 2013 ,44 ( Supp. 1) :269 —272. htip: // www. j-
csam. org/jesam/ ch/reader/view_abstract. aspx? file_no = 2013S148&flag = 1. DOI: 10. 6041/]. issn. 1000-1298. 2019. SO.
048. (in Chinese)
(4] UV, 2045, U, S TIRBE 2 > RO AN R R BOR BT HE R [J/OL . AWMU 41,2019, 50 (H ) -
313 -317.
JIA Shaopeng, GAO Hongju, HANG Xiao. Research progress on image recognition technology of crop pests and diseases based
on deep learning[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2019, 50 ( Supp. ) : 313 - 317. htip;
//www.j-(:sam. org/jcsam/ ch/reader/view _abstract. aspx? file_no = 20195048&flag = 1. DOI: 10. 6041/j. issn. 1000-1298.
2019.S0.048. (in Chinese)
[5] EmTnt, sk, X 55 ARAEYS U RPN EOR BT ERR [T ] AL TR S5 R ,2014,36(7) 11363 - 1370.
WANG Jingjing, ZHANG Wu, LIU Lianzhong, et al. Summary of crop diseases and pests image recognition technology[ J].
Computer Engineering & Science, 2014 ,36(7) ;1363 - 1370. (in Chinese)
[6] LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based learning applied to document recognition[ J]. Proceedings of the
IEEE, 1998, 86(11) :2278 —2324.
[7] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classification with deep convolutional neural networks [ J].
Advances in Neural Information Processing Systems,2012,25(2) : 1097 - 1105.
[8] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with convolutions[ C] // Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition,2015; 1 -9.
[9] SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition[ J ]. arXiv Preprint arXiv;
1409. 1556, 2014.
[10] HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition,2016. 770 —778.

[11] TANDOLA F,MOSKEWICZ M, KARAYEV S, et al. DenseNet: implementing efficient convNet descriptor pyramids[ J]. arXiv
Preprint arXiv: 1404. 1869 ,2014.

[12] WANG CY, LIAOH Y M, YEH I H, et al. CSPNet; a new backbone that can enhance learning capability of CNN[ J]. arXiv
Preprint arXiv:1911.11929,2019.

[13] ZHANG K, GUO Y R, WANG X S, et al. Multiple feature reweight Dense Net for image classification[ J]. IEEE Access,
2019, 7.9872 -9880.

[14] YANG L, YI S J, YONG Z, et al. Identification of rice diseases using deep convolutional neural networks [ J].
Neurocomputing, 2017, 267:378 —384.

[15] YU F, KOLTUN V. Multl scale context aggregation by dilated convolutions[ J]. arXiv Preprint arXiv: 1511.07122, 2015.

[16] CHOLLET F. Xception: deep learning with depthwiseseparable convolutions[ C] /2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR) , Honolulu, HI, 2017, 1800 - 1807.

(171 M. AIIBERAR 7207 BEFE[ DL PEBH . ZRAERE,2014.

CAO Peng. Research on unbalanced data classification method[ D]. Shenyang: Northeastern University, 2014. (in Chinese)

[18] MEHTA S, RASTEGARI M, CASPI A, et al. ESPNet: efficient spatialpyramid of dilated convolutions for semantic

segmentation[ C] //In ECCV,2018.
[19] MEHTA S, RASTEGARI M, SHAPIRO L, et al. ESPNetv2:; alight-weight, power efficient, and general purpose convolutional
neural network[ J]. arXiv Preprint arXiv; 1811.11431v3, 2018.

[20] RUSSAKOVSKY O, DENG J, SU H, et al. ImageNet; large scale visual recognition challenge[ J]. arXiv Preprint arXiv:
1409. 0575, 2014.

[21] HE KM, ZHANG X Y, REN S Q, et al. Identity mappings in deep residual networks[ C] //Proceedings of the 14th European
Conference on Computer Vision. Heidelberg: Springer Verlag, 2016 630 —645.

[22] SZEGEDY C, IOFFE S, VANHOUCKE V, et al. Inception — V4, inception — ResNet and the impact of residual connections
on learning[ C] // Proceedings of the 31st AAAT Conference on Artificial Intelligence, 2017 ; 4278 —4284.

[23] HOWARD A G, ZHU M, CHEN B, et al. MobileNets: efficient convolutional neural networks for mobile vision applications

[C]//In CVPR, 2017.
(24 B, R SR, . SETVRHESE 5 M0 TERIR B K[ 3], T4 L AARIEE) ,2019,40(2) 1190 - 196.

WEI Chao, FAN Zizhu, ZHANG Hong, et al. Crop disease detection based on deep learning[ J ]. Journal of Jiangsu University
(Natural Science Edition) , 2019,40(2) :190 —196. (in Chinese)



