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Abstract: [Objective] To identify crop diseases accurately and quickly, reduce the cost of artificial diagnosis,
and reduce the impacts of crop diseases on crop yield and quality. [Method] Based on the analysis of the
characteristics of crop diseases and spots, an improved YOLOX-Nano intelligent detection and recognition

model based on convolution attention mechanism was proposed. The model employed CSPDarkNet as the

Wi HHA: 20220726 PILRE & FHE]:2023-04-07 11:05:24

B & M1E: https://kns.cnki.net/kems/detail/44.1110.8.20230406.1811.002.html]

TEEEIMN: 2R, #3%, WL, T2AFHEMMNE. it AL, E-mail: likangshun@sina.com

ESWB: B R A AFF A4 (61573157); J~ # 4 Aah 5w R Ak s T4 (2022A1515011447); R EHE T € SABFE
7 (2021ZDZX1029)


mailto:likangshun@sina.com

594 Mg 4l K22 24 (https://xuebao.scau.edu.cn/zi/hnny_zr/home)

backbone network, added convolutional attention module CBAM to the feature pyramid network (FPN) of the
YOLOX-Nano network structure, and then introduced the mixup data enhancement method in the training. At
the same time, the classification loss function was replaced by the binary cross entropy loss function (BCE Loss)
with the focus loss function, the regression loss function of GIOU Loss was replaced by the CenterlOU Loss
function designed in this paper, and a transfer learning strategy was also used to train the modified YOLOX-
Nano model so as to improve the accuracy of crop disease detection. [Result] The improved YOLOX-Nano
model had parameters of 0.98x10°, and the detection time of a single sheet was about 0.187 s at the mobile end,
with a mean average precision of 99.56%. The practical results of introducing this method into mobile terminal
deployment showed that it could quickly and effectively identify common diseases of crops such as apples,
corns, grapes, strawberries, potatoes and tomatoes, and achieve the balance of accuracy and speed.

[ Conclusion] The improved model not only has higher accuracy and detection speed for crop leaf disease
identification, but also has less parameters and calculation amount. The model was easy to be deployed on
mobile devices such as mobile phones. In addition, the model achieves accurate positioning and identification of

a variety of crop diseases in complex field environment, which is of great practical significance to guide the

44 %

prevention and control of early crop diseases.
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1 PlantVillage 35 #IBE
Fig. 1 Partial dataset of PlantVillage

1.2 HIEMLEMEINGESHIEE

TR BT RS BRI o PR AR R 416
416, f# FAniE T E Labellmg ¥ A FEA$% Pascal
VOC $d 4 kriE, A2 plxml 8RB bRE SO .
b, MREREHE L UG H M LIE R 60% FEAS (£ 23235
k) TR AL, 20% BIREAR (£ 7675 5K) FK
B6IE, 20% FEA (2 7675 5K) F K.

R E HIER 2], ik YOLOX-Nano 7E A Hi
LA T B4E 45 Image Net E#E47 2%, 3R — Mk

SHE TN ZRALEE, S8 J5 ] X A P A L% 3
B ) YOLOX-Nano W 2458 54 b AT 2 H0AIG «
W i ol S 80k BV It EREARECN 32, 1 1R
i 7 5 AR ZREE B AR N 1 UOER, tE & E A
100, K H BENLES B T % (Stochastic gradient
descent, SGD) AL FIL I M4 S5, WItG5 )%
WEN0.01, ZhERF TN 0.9, L 10 KL
Zh, B 2] AL 1/10, BEAEA 1 IRORAF 1 IR
B


http://plantvillage.psu.edu
http://plantvillage.psu.edu

596 Hepg Ll K5 224k (https:/xuebao.scau.edu.cn/zr/hnny_zr/home)

44 %

1.3 HET&i# YOLOX-Nano HIRIEWIM BB E
K 5iR 3
1.3.1 YOLOX-Nano M#% YOLOX-Nano 1y
YOLOX R4 BB IA, Xft YOLOX-X.
YOLOX-L. YOLOX-M. YOLOX-S. YOLOX-
Darknet f1 YOLOX-Tiny /14 f8RRAS, il i BRI
W 2 11 5 B RTVR 2 L IR/ D AR T i SR 2 8 i B
YIZRIT Mixup 2 38 5 7 205 5ok, 58 ) 45 25 46 B

a: YOLOX-Nano [ 4545 14 &
a: YOLOX-Nano network architecture

SPPBottlencet YoloHead

CSPDarknet

7 B, S B R

YOLOX-Nano &5 W& 2a firas, A
YOLOX-Nano Al ULy 3 D2, 70 Hll 2
CSPDarkNet T FH& U 45 1120 Hp I 4 o 35 Y 2%
(Feature pyramid network, FPN)"* Fll 15 5 & 4 4%
(Path aggregation network, PAN)!"*! 1 [a] )2 DL J2
YoloHead %iH ) -

b: B0 S ) YOLOX-Nano [ 45 45 )
b: Improved YOLOX-Nano network structure

SPPBottlencet YoloHead

CSPDarknet

si) ] Concat+CSPLayer |

I % Ff: Downsampling]

[[E5FE Upsampling|

Cov2D ————={ Concar+CSPLayer YoloHead

[CE3FF Upsampling| [ Ff Downsampling

Cov2D _ |——{ Concat+CSPLayer YoloHead

2 YOLOX-Nano M4 Z5HFZ#H FH) YOLOX-Nano 454544
Fig.2 Network structure of YOLOX-Nano and improved YOLOX-Nano

By N B &1 S CSPDarkNet iFE AT 451 12
HU, $RECE] 3 ANRFAE Z 3E4T N — 25 N8 1 # 2
FPN /& YOLOX-Nano [ h58FRE$E B 4%, 75 3=
T4 IRAF M 3 DNHFAEJZ S TEIX — B 5 HEAT R AE
A, SRBCR AR B AR AE(S B o 7E FPN ¥4, &
28 3R 15 11 RURRAE J2 4 T 4% SR 3R BURRAE, 7
PAN JZ 1, P48 2 RFAESEAT B BE LSRR RN R S RE
PAE LR ERE & - YoloHead /& YOLOX-Nano [¥]
ARSI, N E i CSPDarkNet.
FPN Al PAN ZEC 43K 1 3 MINsRRHERE, & —
ANFEIE BB AR5 — MNFAE S A, 1T YoloHead
S 0PREAE fUHEAT R, HIBTRHIE R B A A S H
XN o YOLOX-Tiny [ YoloHead #4387 2 ##
53 43 S BRI AN 43 R ERAE, o5 5 A2 TIU B BOR
P AR

BT YOLOX-Nano % FE AR FER &, WA 7
435 21 ONREAE R B 08 5 A 1) 2 (8] ) R
KF, XTI A e 43 3 B AR TIOR8 2, IR
TN ZFPRAEDR F R GREAT R ZRE, — 5k
2 X Ji##5 2% (Binary cross entropy loss, BCELoss) 1F
53 A5 I R BOKS R R AR 25 5 AR TR T A )
(A E AT I, I 3 i — 22t R A AR 23 R AR
ANHELAE, GIOU #814% B O 2 MR HE S A A

10U=0, AR s B 3 () 9 28 KN, B e VR RS i
WL 5 1) EE A B R/, AN T e B [ A% A A ST
Sk, BUE AN FHE ALK .

ZE4 LA b, AR SCHE YOLOX-Nano #7R
AT HBRER S CBAM i, 51N T Mixup $d
B5m 7 SR FE LA LR, BRI 2R 784y, B
J& 73 2547 2k B HCE BCELoss B4 Focal Loss, [A]
452K B ECK GIOU Loss # 4 CenterlOU Loss,
Het JE Y YOLOX-Nano P45 45 #) B Wi B 2b fis o
132 RAEAREE AMH CBAM 3k ERAE
Vs A 5 RO 55 b SRR e T RAE
KAEFBL, HA 455 H %2 % . YOLOX-
Nano 1E R Z B, KIS BE A8 &, X 2 77 2
R HTT .

B IWLGIZ 12 FAE VR FE 5 ST AL R DL
ANFR TG, RSB 4% S N AN T 3 D
H R L2 00T B B R EEOGTE R, BB A
O IRRAE, FE A O I8 TE VR ) LR A R
EAINLE], BRI R JINLEI S E 3 s . B
e =Wk IR I St 157 Bl =R 5= WA K V11| P B |
T B JIHLE SBT3 N SR I BN R AE 2, AR
PAT 4 J5 P ¥t Ak T VR RN 4 R oK Ak T v, 2
S5 TR R 2 A AN B R A B 5 SR, R L



F4H ZEREIR, &5 5T 243k YOLOX-Nano WA VEYI F 73 S5 SR ) 5 v 597
SFHh Ak S
AvaPool “FEgAL AvgPool
O-C—13
IRk R
MaxPool %EMII%H% i Ktk MaxPool

i NRFAIE

Input feature

JHIEEE S
Channel attention

f

(I =w} i L AR AE
Spatial attention Output feature

1

3 CBAM HIFEHINFILEH

Fig. 3 Structure of CBAM convolutional attention mechanism

(AT E AT A3, ARG FERH AR BEJE 1 2 N5 R
BEATHI AN, 2 )5 FRaE I Sigmoid B B, 55
NAFAE 2 oA — 28 T8 I IAUE (0~1). KX AL
fE 7 b J i AN RFAE J2 B n] 43 31 22 0 @ T v 2 AL
il b R 5 AR AE B o 5 AR B DML S 5 4
SR B VE 7 I AU, B et A 1 v R TP
Ak B PR RFAE J2 B — AN RFAE A1 38 0 H e KA AP
B, 2 X 2 AN RATHES, FIFEEECH
1 MG RUZE R EIEE S, H2 Sigmoid HE
bR, SRAT N RRIE 2 B — AN RE S B BUE (0~
1), R J5 K1 N BUE T L iR 4 N AE )2 R AT 75 380 8
LN RREZ o

A5 CBAM ¥ B I HLIBIEL, 456 @iE
T WL AN S () AL, XN FIREAE 2 43
3R AT I T VR A WU A A ()R AL A,
2 B T ML 6 AN [ 38 T )RR AE AT AL (1)
R BC, IR 2 25 KR R AE B BREL, LE M4
BT T B RRE, 2B A B RIE

i N 40 T HRE SR BN 48 J5 3k 15 3 4
AR E 2, FEREE FPN 2 1 RFERT & So k4t
SRRFAE SR HUM 2% 1) 3 AN RURHIEJZ %2\ CBAM 15
B, H gl SRR AR E 2 R AR S, fr 3 MR
B R 45 R, A B AR SR RURIIE . BE 53T
PAN [HJH45E, 76 PAN Bl&T REERT, 3 THRHE
W25 3R1S 1 3 A RUFFIEZ, B4 CBAM X
TIHLEESR TR A, SR e &0t 7 — NS B U
— RIRBUREE, B 5 fa — MA BRI E B R, w4
AT 3 NMFIE
1.3.3 31 A Mixup ##3¢3% K& Mixup & —F
TR A3 s 1) 0 1 A SR, mT LUK AN R SR R

HATIR A, T eI 2 8E 4 . Mixup ¥ 0%
W TR B A B 1 batehy A2 — AN HE K AR RE A,
batchy /& %t IR BG4 B A7 %5 ; batchyo 72 73
— ALK EUEBEA, batchyg A 575 — AR G FEA
X RLIBRESE, A A& HZECA o B 1) Beta 73 A tHHLH
IR A R H
I AT PAS 3] Mixup JREE A XK
A =Beta(e, ), (1)

mixed_batch, = A xbatch, + (1 — 1) X batch,,, 2)
mixed_batch, = A xbatchy + (1 — 1) X batchy . 3)

DA K 5 UG ], 7R I GBS S B 1 5Kk AE
KRG, EUGPEMEE 7, HOCE F 2] 416x416(1 4a),
FREALEI 1 5KAEA IR, IECR 3] 416%416(1] 4b).
WG WE 1 ARG RE W 0.5, % 2 7k EGOIAL Rl
A BARF RN ER (B 40).

7£ YOLOX L) Mosaic LA, Mixup SEI&{E
SN — Fi A A () H R 3 A SR g, TE IR JE R A
Mixup K ¥ 19 5 S 2 FEAR T 2R % (Average
precision, AP), T L YOLOX-Nano ¥ F fif A
Mixup 8 3 55 50 o A OS] Mixup 58 38 5 5
B, R A K B A R R A . ARTE S
1) Beta 7 A MR % BE 2k, 29 a=p=1 I}, 26T
(0, 1) ¥I21 504555 24 a=p < 1 B, RINF L HIHER
Ko AR /N, 2 a=—0 B, F124T {0, 1} 5
OPAT, BEAEL 0, B, ST R UG EE B A 15,
ARG FEAL I B Mixup B3 o=<€[0.1, 0.9], Hi Al
DAFR B2 FEAL I 2 € (0,1) DX TH] P (MR 2 50 AT, (55
T 8 e o B AL, AR B B
1.3.4 S EME 2GRS —DNFRBKEE



598 Ao Al K =R (https://xuebao.scau.edu.cn/zr/hnny _zr/home)

44 3

b fEA 2

a FEA 1
a: Sample 1 b: Sample 2
I |
InAL R
Weighted fusion

c: flEr A AR

c: Fused image sample

4 Mixup HIEERRMREE (AR RKRBER A1)
Fig. 4 Schematic diagram of mixup data enhancement
strategy(Take corn Cercospora zeaemaydis as an

example )
4.0t — 4=0.001, #=0.001
35l —0=0.010, $=0.010
— 0=0.200, 8=0.200
30t — 6=0.100, $=0.100

25l — a=0.500, =0.500

— a=1.000, f=1.000
Z20f
15}
1.0

IN———7,

ot
0 0.2 0.4 0.6 0.8 1.0
X

BE5 of piEEIRIH Beta LR E L
Fig. 5 Probability density curve of beta distribution while
o and B were equal

X T4 SRR BRI BER . BT 2
AAE 99 SR AE R BUBAL, AR R — 95
FREA TSI 4 28 B = 2E 22, 330 5 R AR
IR, 1 RS R SR FE IS

BT DL b v SR AR 2 A R A 2 1 )
YOLOX-Nano #4345 %% ik %t BCE Loss i 2% i
BU% ¥4 Focal Loss 10125 AL, HREIEHI 25 2 702K
FIHE 5 ZERE A IR, B> 5 5 R A AL
H, A TE I GRb B B T R A, ik
B D FEARXS R = A TTBR /N, MERE AR 42 2% 7= AR 1
R

Focal Loss 7 2545 2k s 80 A 20E X=X (4) Br
7~ pIpE(0,1) ] KR THIME, y RN HEEH, y(y=

0) o5 Ko B p 7 T 3 1 S R 25 1) R
2, s (5) B, WY [0,1]. @K (4).
(5) H9hJ5 Focal Loss (FL) #5158 £ A A =X
(6) FT:

| —A=pIn(p)ify=1
fe0= { —p"Inp,if y =0 ’ @
[ pify=1
f(x)_ { l—ﬁ,;ﬁ\:’ﬁ'l_j, ’ (5)
FL(py) = =(1=p)Inp. (6)

L5558 SUJG R BB R s AU B, AR (6) 2T —
AN = p)Y BB, S22 RS R B R R A AR AL
& 6 i, Al LU oy TR T AE, AT
25 5 43 AN 5y ZERE A K B Tk o A S
(6) TN, 5 FEFEAL IR pota T 1, $0 8 FUAE
pEEIE T H Sy, XRFEARE T 5 5 X o0 HFE
A, SR R - pyr T 0, SR ST D
— =0
—

!
G XA
Well-classifed
examples

FL(pl):i( 1 771)y 1“(17[)

0 0.2 0.4 0.6 0.8 1.0
Py

[#l 6 Focal Loss iF ik
Fig. 6 Focal Loss function curve

1.3.5 =Rk RHe At YOLOX-Nano 7 |7l
I g AE IS A5 48 F] GIOU 4 2K bR 0, A SCAR A 250405
B B B A R R0, BT AT E] A i 2k HE
CenterlOU 512K R %L

WE 7 fros, SAMRGEHE SO A (Ypres Ypre)s F
SHE 10 KT (tags Viag) T BRNIMEFTE 0 AL (s
Yer)o ARG A I (7) THEARIEHE R FCSEHERK) TOU, 3(
H1, BOX g~ BOX g5 70 Jill 3 75 6% 146 HE 1 L SEEHE
ACHEANIEAE 5 K3 o A O RN B SIEAE H o 5
M — B HFRY = Ax+ By+C; RIEA K (8) it
BB NIMEFTEH 0 8 (X yo) BIPHE SO S H
2R PR B (Distance); RN A (9), 15 BMFEAE
EVEEEN

BOX.:
[0U = — 2% )
BOX 4
Axo+ B
Distance = AX0+ Byo+Cl )
V(A2 + B2)

CenterlOU Loss = 1 — (IOU — Distance). )



B 4 ]

AR, 5 Fe T 0 YOLOX-Nano (AR AEPI Fr i SRl 5 R 5 12 599

B /NN B W HE O 5 LGRS
Line distance from mninimum outer rectangle to
center point of two frames

(Xprer Vpre)

(Xer Vo)

7 M

Minimum bounding rectangle

I

7 CenterlOU #5i 5% iR Bl fZ
Fig. 7 Diagram of CenterIOU loss function

15 A7 45 2K R A 429 CenterlOU 451 2% R 3L,
R GIOU bR Zik X 28 2 =] 21 F il HE AT H AR HE 1)
AT B, P28 AE S [ AL A N BE S A B R AR [P 3 250
1.4 RERNRGALIT

AR S B DR AS T 3 5 A I i 5 BT D, 6 B I
2% OOFE AT S B RCR S DA ZRbr R Y Dy il K
F ML E IR R S5 . FIH 10S B /711 Core ML
Tools A5 7Y i 48 PE NG I ZRUF 1) pth b5 2B B 3 46y
10S P& kg 0. AT A iR LR . R, 7k
A7 3 AN EH, 0F BV AE T B AR RO B PR
SAERE S PRAEIRE 3 3 FIThBE . dm i )a 2R Rk
LS HREAE iPhone 8 FAL, T vl 8 Fian.

94 A B R G

8 RERMNAGAE
Fig. 8 Interface of disease detection system

1.5 iFiiERR

X TAAEY I s Rsnill, 72 2% B ks
RISEIE . AR COCO mAP@[0.50:0.05:0.95]"
VE LA P T 45 DD 8 A R 25 & VP A 152 28 5%
R EOKERL BoK HA SRE. BaE Fh
6 FAAEWNI 27 P FE AN TG I i s R A
PEgE, BI 73 4E IOU B EBLE L 0.05 HI 2 ER A
0.50 JF4f3 7 28 0.95, HUX L8 B 2614 T VAl 73
B P 2 HERF % (Average precision, AP) & HI2)H
(Mean average precision, mAP). mAP S#ERfZ (Precision,
P). HHIF (Recall, R) A%, HAHHE A 0N Fros:

TP
- 100%, 1
TP+ Ap < 100% (10)
TP
R= 100%, 11
TP+ EN < 100% (1
AP= ['P(R)dR 12
_jo ’ (12)
—_ 1 M k 0,
mAP= 3" " AP(K)x100%, (13)

o, TP RSB A AL TR0 IR 5 1 IEFE A%, FP oY
SR TR % 1 IE AR ACE, BN g e A 28 T 0
R AREAREL, M N BEL, AP(k) N k 213
A% .

IRl A B 0 B 7% Bl R 40, G B sk
FEAR G BT T8 AR 1P Y I 1) (B 2 RE e ik B R B
FEIST (R ARSI B (8] A A SEB PEFR bR, B0 s 5
HE TR bR TE IR B W SR el I S 5N 5L BA
B AL, RamN 1x10%

2 BRSTH

2.1 BT EMRES R

f# 1 YOLOX-Nano #5254 A FEmli 9 25, 53531 51
A CBAM HRE R JIHLH] Mixup B4 1S 98 SR
i FH Focal Loss # # J5 73 2845 2% pRi 2t BCELoss, A
T CenterlOU 4 2K bR £ & 46 Ji [9] ) 453 2K bR %
GIOU {1y Bfudk P 26
2.1.1 &4 CBAM A& HMH  YOLOX-
Nano XA AE 4995 35 F A -5 38 310 7R F IR
BAGRFEAS B A RS HE R AN 97.97%, HLR A2
6 FlAAEY) 27 Z593 5 B 8 A5 R R B L A A
ABLo I TE VR R 0 AT RRFAE B A (R38R R
fIE 5 396 98 188 KA ()95 36 BHE i 4 AAE 368 0 1740 A A
23 [A] YR 20 [F) — R A [F) A7 B AR AE 5545 T A
[FEIA L, DX AR R AR B 9 4 3R



600 Ao Al K =R (https://xuebao.scau.edu.cn/zr/hnny _zr/home)

44 3

I N CBAM BRI R IHLHIRE G, B
SR H 0.92x10° BN E] 0.96x10° FIKFEAHE
W7 B (E) 38 00 18 ms, (H P35 RE 2 i1 97.97% $& T+
F1 98.89%, $EF+ T 0.92 N o, TEAR KRR L4
FET 0T I s R P HERf 2 . I A A R
PRIETH R BIHER R, KT CBAM FEHR X 5 AH AL
YA A U .

FIH Grad-CAM"7 T H AT #i4b#E N FPN 2 /i
A CBAM &R & JIHLHIN, BB RHIE S

HIRCR o T K00 F BORE AL 5 3, T
WRCR A, AL UL TR IKBEIRFEAS . TR i
A T OK KR A A AT e KR AS ) i3 AT e
s W9 PR, SINERNE R IHLHIHT, 28X
AL SR BE R, Xof it 9 2 X SRR A R SREAS
7. 5|\ CBAM GRUERE SIHLHIIG, WL AERT 1%
Fh e R, HERHDIEE 2T A SR, Rk
W 2 27 3] I 5 3 R QTR 2, At YOLOX-
Nano #5784 AT S e B A BB X 73 (AL 2

FORIKPLI R B N7 e ok Fy
Corn Cercospora zeaemaydis Corn Puccinia Corn Curvularia leaf  Corn healthy leaf
Tehon and Daniels polysora spot fungus

J
Original
picture

A2 CBAM BIER 1L
AL FR )RR AE SRR TS
Characteristic extraction thermogram
without processing of the CBAM
convolution attention mechanism

Z5d CBAM BHVE R T B
AL B B RSAE SRR T B
Characteristic extraction thermogram
with processing of the CBAM
convolution attention mechanism

P A BRI €y T B 30 B B RIAL, AR KRR R 40 24 DX SRR I SR8 4 2

The color of the image changes from black to blue, then yellow to red, indicating that the network gradually pays more attention to the characteristics of a
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Fig. 9 Grad-CAM visual characteristic extraction thermal diagram of corn leaf before and after adding CBAM
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Fig. 10 Classification loss curve during training(a) and test(b) phases
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Fig. 11 Curve of network accuracy changing with number
of iterations before and after model improvement
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Table 1 Performance of the model versus mainstream lightweight network

R ZHE(x10°) PRI % RG] FAS I [R) /s

Model No. of parameters Mean average precision Detection time of single image
YOLOX-Nano 0.92 97.97 0.176
ResNet-18 11.24 98.60 0.429
MobileNet-v2 3.40 97.33 0.189
YOLOv4-Tiny 6.06 97.42 0.382
YOLOX-Tiny 5.06 98.58 0.286
it YOLOX-Nano 0.98 99.56 0.187
Improved YOLOX-Nano
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Fig. 12 Display of disease detection results
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