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(1. FeTlb ks GLEERZEED) BT RS 5%, 3Fr 250353;
2. BT RE QUEAREE BF5 NTREEESH, B 250353)
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IR, FEURE] 4y B AR st R AR 22 B IR 2 RO RHIE RS B [F]IT 5] N Leaky ReLU 0I5 o B0 5 7 (H
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TR E BRI BB E MR . 2 ROERHE RS BRI F A R RS (G AR IR B 2 PR E I B4, SR ERHIE
FE LRI04 R E W, LMA-CNNs BEELTE 59 28 A FFARAVEYIR 3 UG IR _E TRy 88.08%, S H &AL 0.14x107,
T ResNet34, ResNeXt. ShuffleNetV2 5545 Hph 28 gAY . @i H A AN [RIBAF 7 3 12 Rl — HOR 4R T BTl v (1 P 48 45 2
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PR F EUE T — 2 N TAR G RHE, Bt o
FIAGAERHEE S, IR SR A5 B AL N7y e de b it
4757 2% . Rumpf %5 PUE F 1m0k 3% 4 R A0S RE ) & AL
(Support Vector Machine, SVM) J7 2R & 2599, ik
B ah IR, EH SR R AN R I 23 T5 2 97%:
TP Canny 5 7R OTSU 5 FHEUE 4415 5 b
P E (S S, AT K-means RIH AR &R HE
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T Qin UM P T 7 H 906 T A S R I0AIE 4% SR 2K
Bk (1 K median 838 MB35 (gt )5
SR HITERE, SRR IR E R E R AR
MM, IR A% g8 UG R0 07 72 75 B2 08 ) TU K FRARFAE
T EAE ORI RIFI N 77, F H R Ge N T D Fofk 1k
YRR FERN, AR IRE.

BEE TR NLE ARG — DR, N TR R ah Ui,
TRE 2 SR T R AR AT 270, E e 3 W R PR B
N ARE TR AR, AT L 2 R ARV AT R
SRR 100, S ) T 2R 5 A B 5 TR LA KR T
FMAESNE T ResNet! Bt 1B Ay (& kb,
TEHAUER ) 8 MrARAEY 3 B 48 1P 358 A
RIEF] 95.62%. Tk LEHIE VGG-16" AL 3 A 1
M —FAT AR VGG-16 BB,  SEHLGASHLI] H jA) 5 5
PR AR FE B, 7 S B 50408 5 v 10 A6 00 o iy 5 32k 2]
91.14%. Gao %I H —Ff DECA ResNet £, X
3 PRI E D SRR AR AT 20 25, e mi s EARIR
AAERR R

R LRI 5T 2R B A A A 48 X 2% 8 FE AR AE W
R el A7, AR ATI AR TR G — L8 1) R, 1 5 2 Bt 9T
8 FH (R B A AR R B R 2B B —, X — ik
JURNAR AR5 EHAT IR BIAGI, Bl 18 22 35 R AR A
VEDDIG EHESE IS o LGRS A — KA R B
EUGA A R BRI, AR RAED I E L,
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ML B REE 2 SR T SE S . I HOR B P 28 Y 28 2> Vi
FEREMTHE RIEMAAAE 50IR, @ R aeEmAE M
GPU bLizfy, AH| TP .

BEXS A 2 BB A2k 2 HBG S AR . R
PAEYAS[E0 T 22 800, DASCHIAT Y 2 A R AR AR 4
], AR SCHRH — MR T AL R 2 ROBE 2 B A I
2445 (Lightweight Multi-scale Attention Convolutional
Neural Networks, LMA-CNNs). LMA-CNNs F] 8137 & a1
T D WInER IR B E R AT A E S T, S 0R
A FFHES IR IS T HRHEE BT 2) ®il2R
JEfb S HLR SR IO FRHE, il PO FARES BAFE 1
(e R, DA B8 O A b ST T R 5 R AR B AT R R A 2
R E AN F R MR At 2% .

1 BERI

DARE R =i B ARV R AR AE 0 35 X 45 D9 H
AL LMA-CNNs BEARL N 1 o, B,
Bottleneckl N8k ZF 2 /115, Bottleneck2 % R
JERMERD SRR . PIANBEI R VR B W] 7 B 5 B UR
PRUEGRL, VA% S5 M S5k 1 .

LMA-CNNs Z7EEUIEA! MobileNet! ) Atk -
HEAT O, SO AR D SRR TERENEI KR E
B ZERH Bottleneck 1, VR JJAL ] 39 5 W9 28665 4 F REAE
PRI, 22 T il e DTS 2R 68 2 348 o T 3 507 o) 2% R
foial s 20 3R B A EYDI T IR I 2 RO RHIE R &
it Bottleneck?2, $ i 9 4% X6 AN [5] RUBES55 BE (1 1R 51 B
3) f#iF Leaky ReLU WU A E ReLU BUGREL, 15
It BUE B RFE OS2 EL, 52 my B AR HERf 22

Bottleneck2 H Bottleneckl H Bottleneck2 ]

2 l

ikl Soﬁf\tr%ax éiz{zw Bottleneck1 HBottleneckZHBottleneckl J
x5

#¥: Bottleneckl AR R I Bottleneck2 9% R BERHERIA IR o
Note: Bottleneckl is lightweight residual attention module; Bottleneck2 is
multi-scale feature fusion module.

B 1 LMA-CNNs #2424
Fig.1 Model structure of LMA-CNNs (Lightweight Multi-scale
Attention Convolutional Neural Networks)

# 1 LMA-CNNs M&SHR
Table I LMA-CNNs network parameters table

ZEF5 ) WMARSE  EERHE  SK
Layer No. Structure Input size Repeat times  Stride
Convl LR 224%x3 1 2
Conv2 KRR BB 112°x16 1 1
Conv3 Bottleneck2+Bottleneckl 1127x32 2 2+1
Conv4 Bottleneck2 287x128 1 2
Conv5 Bottleneck1 14°x256 5 1
Convé Bottleneck2 14°x256 1 2
Conv7 Bottleneck1 7*x512 1 1
Average pooling 4 ) P AL 77x512 1

Softmax EEREZ 12x59

1.1 REAHBEER
TR AT 43 B 24 AR UOTa] 76 B2 2 s Ak N 3% & b

o SHRAEBRRMHLL, REERT 7 @G RUR 2 B AR,
KR HEB I WONIR L ERIRIZ P, WEEPHT
IR, BREPHTHSG. HWEREmE 2 For. 5%
TR FZ 26 BRI 6 B0 N B G B — AN B E AT 6
B, HUAH 11 KNI S G B AR AR IR 1 2547
BAS, BT E5 N REE 2. XA 7 ST
T GEHIREG BT DL RO DR R K 2 KR 5

IRBEER B 1A

T i HARFAE 1 2
N R i HRFAE T 1

DX DX M LHRWG: DexDex M BAG 1< ] xN

H: DxDy RaRBRRZIIRAN, MR N 53503 %0 N\ fi s iE 4
Note: Dg*xDg represent size of convolution kernel; M and N represent input and
output channels, respectively.

B2 RETH&HERSMIAL

Fig.2 Depthwise separable convolution decomposition process

TE i 14 25 B A N T S SR T A DU )l

H, SRMAERE GRS ERAZEITE Ry 1, ALRIE

WHEEECN N, BREEBRA N DMEP AN 1x1

bR BRI RS A DoxDg, RZERITTTH

HE N DyDyMDgD, & MG MIHHEREN

MN'-DgDg » 16 4t tx #HE & B W it H & H

Dy DM N-DgDg, RIE P 5y BB 5 bt 1
HEERN

REA BB 1, 1
fEg b G N DD,

TEFREUVE G AFERT, @ % BRI RGT R E R 3x3,
HH T IE R N EBOR, SR ] S SR SR A
HE 2 e GAEETAR 1/9,
1.2 EFIFEENNFINRZRENRERER

KAEYRERG SRR TaRERG k. HTA
[ A A AR 35 BR SOE 5t R e, 3R EE)
MR 4 R A AE — SERFIE U AR o B SCHR[ 177 %0, 7B
59 RBAFFLAEYIELIRE L, [FF SRR ED 0 1)
TR HERREZE RN, A OE N AR B R, R AR
YRR HERG R o DR e R Hh 5] N3 & A HL A U,
FoAZ O AR R 38 I I 245 (1) T [ A 380 1 I ) A% 8k 2 21 %
ANETE FIRFERCE , I8 AN [F] AR AR A E X 2 A [ I8
TE ) EEFERE, 193 W45 R T B A R R,
FEHNHAE FH BN RFAE I, 8 AR A 30 B 47 R 253K
o AT RR BRI IBHR W E 3 Fis.

Bottleneck 1 H s A VR FE 0] 43 B 5 AR AT LAy B AL )|
SGOdFEMSEE, OIS 2 (8] = IR R IE B HL
FH S 0] B S AR S R SO AR A, B N E
5 L) 7% e TR IR 24 R FE5 T 8 00T ) AL D s 58 A U IR 2 s
FEVRBOR R . B ANRAEE A 1, BURRAER ST A
CxHxW. BNFHEE I 5 %40 1 MR 73 B E,
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BEFHEE F, sl (2) Fis.
F=PW™[DW> ()] (2)
X P FRBBIZKRN N 1x1 IR SHER: DV K
INERUZ RN 3x3 IR EG .
—
IRBEBR 3x3
| BNvEE A

BB 1x1

B3 sk £EE /83 (Bottleneckl)
Fig.3 Lightweight residual attention module (Bottleneck1)
FHIEE F A RREERE 2 [ ERD G, 23 FRAREL
RURRAAESRINEE /o IBIEE S AL (& 4a Pros) ddlid
B R 15 A R F- 2o il A 8 A S EUAN ) 3 3 7 A 7] 723 1)
LB ERRAESS S, TSRS gl S B TE R AL, sk (3D
PR o
H_ (F) = s[Conv(MaxPool(F))+ Conv(AvgPool(F))] (3)
= sV, (W (F,.)) + W, (W (F )]

K H(F)RRFHIE R F 20 il T8 v 5 5 IR AIE
SR s N sigmoid UGB Conv Fon GRS
Wy AL W, RIR 2 DN EARZ HIAEL s Fp FF g 53 A 2R 3

T TE AT ORI AR A A R A S A R
R EVERAHLE] (B 4b Fras) S xh s iE v = L]
Ah7E, RNER ) FERET R REARERE
REAS BB, MBI E R B 4 B AT Y,
RIRE R AT EE AN (Rl TE 2 (Al UE, sl (4) B,
H_ (F)=s[Conv(cat(F, .F, )] 4

e Fng
P H(P)FRRFHIE R F 285 23 [ 7 AL R AE i
SHEE R cat FORFHIERN G FHER F i dE T ol
)0 2 T R L B AR A T B
F=H (F)®F (5
F,=H(F)®F, (6
A £y RORFHE R Fald i s v = O Es ] Fos
FRAEI Fy 22 (VR R LA R @ R IR
B 2 ] 3R o
FEIEF R, i N ARFAE B8 I T T ) U
B Cx1x1 WYEFERERE, 24 R B B AR A R

A B . Cx1x1 FI4EEEAERE S5 AR F A IRerd
B CxHxW RI4EFERERE . [FFE, SN I i 2 e
BTSRRI | xH < W HI4EFERIRE , 1248 5 A5 R I ARER
FRFAE ETE 23 (e B BERR S o | < H < IR 4 B R B
FRIEE F RIS 3] CxHxW 4EFEMRE . e i AR IE
Kl O & 4FIEE F, 5 IRERHIE B F 34T HINAS 211 5 250
H, W=k (7D Fiw.

O=0(I+F,) D
K H 0 RN Leaky ReLU Ui B2 By HEAFAE ] O HIRFHE
YEREN CxH<W, FUHNFRAE B T RI24E AR ] .

X2

KA AR

i R~Foxax1 H(F)

HNKFER F v
g DIBR e m o
a. WA R SRR
a. Channel attention module

oty R
IxHxW H(F)
— — —»@—»
ot
HINKHIER F, HxW
e AL S
IR

b. 2 EE R AR
b. Spatial attention module
B4 xEANHLEHE
Fig.4 Attention mechanism structure diagram
1.3 ZREFEMESRIR
WAV F VIR B A Z R R Z R, Bl AR AR
TED I R R ER S i SCEANE], AR AR A [F 25
T A RIPIRZE R BV, RS SRR, B
RO AR [ ROT IS B AR AR AR A R &
FROUERS BORAE:, BEX L IR R 51N 22 RO RFIE Rl S A5,
Sk 5 Pk
Bottleneck2 f# ] 2 AN RUBE TR B AT 70 89 5 AR
AL W 2% R RAF BB AL E, TR A
WAL 3 SR FFAT 70 SCHATIBE T RVRFAE R &,
BE 1x1. 3x3. 5x5 JOFR/AEBIZ A & 8 kAT
PURRF AL SR, 5035 IR 28 A TR0 AN [R5 5 R AL R S
% SR B PR 2R R AR R R TE A, SO
SRR RSN, A AL AR ISR AR PR R AT
R AT A AT PR TE Oy o N R E P R 2

fﬁfqﬁﬁ%ﬁ,ﬁﬁ@ﬁ}————f
4

{ 7N }»H[H ﬁfﬁ%ﬂ]—»{lxli@ﬁ%*ﬂ]—»{
A

CiliE 2C J8iE

—»[SXS /%f%f%fl‘ﬂ]—{l x1 18 5 %*F\]i

BS5 %REHKiEsRESEH (Bottleneck2)
Fig.5 Multi-scale feature fusion module (Bottleneck?2)

1.4 5| Leaky ReLU i #1E Jo & R 2
TEPRZ N 2, B0E bR B JE 2R 1 D) RE 2 #h 22 X 2%
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BEAT 2 ST . ReLU B A0 0T LU AU s 22 1 45
PRI RE AR EE T SR B DL, O R 3 e 3
SR ReLU R AC7E AT 17 A% R IR, HL A7~ Al ) iy 4 1
0, X NAPZETTORFF AR IRAS, (8 S ARG o ek E
BOJE, SBOR AL TCIAFE A1 XS LA_E ReLU BRI BRI,
Leaky ReLU &2 WE Sy — MU MR, 456
AR AME N 0, HerRAA WA (8) P,

x;  x;20
i x <0 8
a 7

K x 28 7 BRIy 58 7 B A e R B E 2
G o AR R I E S 4

Leaky ReLU R EUR iR v ReLU bR A7 15 ) 7 2 b
TR TCANE ST ), 3R %o 5 PG 10 S A Al 3347 42
G, R INEE MRS S . R AR A Leaky
ReLU R EAE A0 pR £

2 HEEHER

2.1 REHEERREIMNE

AHIE T BB 4 9 4 TR AT BhAR AR AL A AEY)
o R . ZBR R IE IR PR R SRR,
SIS 61 ANar2E, 27 M, 10 MR, ISR
HEF R UCNSER . k. Tk, BiA . MG, sk, B
W DRRE, BRE. Fili. HT5 44 2500 45 540014
EHUE 1k ERE, WREF 2 5E 15K 0 5K5%
EEMG, HIEmEG, R IR 2 R I 2R E
EIg, m4&H 59 2533t 36 255 Tk HEG . HEUEER
BRI SE: MRS 7: 1 X5, 8331 716 5kil%k
EEF, 4539 5KMAER F-.

TRIGAF FH VR B 5 STHESE N PyTorch. SIS N
Linux %%, CPU %5 N Intel (R) Xeon Gold 5118
CPU@2.30GHz; GPU %5y GeForce RTX 2080 Ti 11GB.
PRI 1 B AR U AR 64, FLHT 496 Ik, 34T 100
UHEAR, WIME 2194 0.001, RAHBIEEH SR TT
e BHER 10 R, BRI RGN ERT 15, £
Adam 1L 5%

2.2 SEAERIMEEENTEE

EHIE LMA-CNNs B8 A 0P, Bz iy 5 5
FI 1% 73 2 4% ResNet34!" J H stk fi ResNeXti?Y, %%
M 4% ShuffleNetV2PI AT MobileNetV3P2%, K et
] ViT (Vision Transformer) P75 RS, iR
FIACHS 5K H B J7 GitHub . EMREIRIIZGEET,
WZE—A epoch, MAREE L WA R HEAT — R 50 255 56
WE, B 0 A% AR B LR X — B R SRR R
LMA-CNNs AI7E 5| NJEZE IHLEIFI 2 RS e, 15
MSHIEK /D, B AR A KR T . A
RRL& I RAER R . SRR INR 2 iR, A
TIEXFEEAS BT, 25 1) A 7] 19 268 458 50 7 A AV 95 55 3K
£ FIuERf AR LR ZE, W 6 s

FHEE 2 A[A1, LMA-CNNs iR 5 HERf 2 m T H A A

B, k%) 88.08%. ResNeXt 5 AR IHER AT AHHF
FUBA, HEHMEHRESRERITHHES, SHE
R, HAaZB R R A EA £ 88.49 MB, AF|T7E#
B EE . BENGIHEM L MobileNetV3 1124
AR B 22 T A 71 1 LMA-CNNs #5244,
FLAS AR5 22 S5 R FE 2 2%, A L T A 50 5% ZE B 1) ek
BERFER LA IR, (A5 HER A0 T LMA-CNNs BORUHG
1.81 NE A HE 6 T LLEAE H A 7] 9 25 158 5 1 vf
R R E TS, AR A B PR 1% A 2 X
AW FAHFAE, $Emi 0 J508 77« IMESBIAYTE 40 4> epoch
Ja IR BFAR, LMA-CNNs BB eGSR b sk, 16
10 4™ epoch J& R T HABARR . ST VT B2 |
FAEHIER ], BRIEAERT 5 /> epoch HY, AR BT &
THABAR, (HHT VIT B RBIT I 20 X 45
(Recurrent Neural Network, RNN) [HI4mfdgsstity, 1F
10 > epoch JE R AIERMZRA GIHABBIA . AR VIT B4
7t ImageNet F§73 RATL S HEUS AR ISR, SRTMAEA
TEPRFE 2 (AR BE 7398 B BA A SR &
WRZEREAY  EAl, VAT B2 (1) 2 B s AR A AT 2 fe K
B, AFITERS B 1R .
Fz2 TREIMEER M4 EEXTEL

Table 2 Performance comparison of different network models

A biIIES SHE T A
Model Accuracy/% Parameters Model weights/MB
ResNet34 86.96 2.13x107 81.40
ResNeXt 87.16 2.31x107 88.49
ShuffleNetV2 86.89 0.14x10’ 5.18
MobileNetV3 86.27 0.16x107 6.15
ViT 85.17 8.64x10’ 327.52
LMA-CNNs 88.08 0.14x107 5.37
90
Iy
X &5 s
>, A
8 gol7 —*— ResNet34
< / —=— ResNeXt
i T\ ShuffleNetV2
&= I —— MobileNetV3
= 75t +— ViT
LMA-CNNs
70 . . . . )
0 10 20 30 40 50
IEARIKEL Epoch

B 6 RF MR A EE Rt

Fig.6 Comparison of accuracy results of different network models

g5 LRTR, AHEFAIEE ) LMA-CNNs B850 K301
Thf, BASHETD. FEFEFRA: D SRR
KHAREE W] BB, AR DRUEHER 2 35 RIE FRAK 15
LR KD M SH 2) WT 522 A 5
HERHEE BOALE, el 5 70 RARFIEAS BT R RCE,
U0 555 M 75 S5 P TR 3O P A R Y At BE O SR . IRTH R 22
JROBE R 5 S B A T AN ) RS 1946 BURZ 4 BBU 35 B Ry
fiE, o0 P 2 A R AR BOCAN [R) K /N BREAFAE B BE T, AT
ARAS TN A T AR B, SRTHE A AN R )
EUER B 2 HER % 3) 5\ Leaky ReLU B B HIR L
KR AERERE S, =B 2Kme .
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2.3 jHmIRIE

JUER] LMA-CNNs BT 13 v BTGS2 14 e (1) 52 7
#A DTk, AT . EWE RIS, DB
REREFZR ., Z8E . BAEAE Ntabr. NIERE
B0l o B AR E N AR 1) AR g p o] DL D S, %
TEXT AT, K AR A o R B 0T 23 B S AR A i R
HEEI; NiE AR B 227 = 1 (Bottleneck1) 1%
JPZEHRFERE & REL (Bottleneck2) AU HETF R HIUERG K,
FE AL 0l B 4 R SR IE IR E V] 7 BB N

WERH Leaky ReLU EREOM A () DT#R, K Leaky ReLU A
BEs e ReLU B8, RIRZE AN 3 Bk,

F 3R RE: D R 5B RARR
FARAESFRT LUKIER D S50 2) T 852 u
NZHEMRTIE T, {#H Bottleneckl i3, Bottleneck?
RLHUR Leaky ReLU bR £ A 7Y 14 BB AL T S o fel i b —
AR TIPERE; 3) LMA-CNNs 1) 3 il &5 Hy BE 051 3L
Mgk, AAVER E IR R IA F) 88.08%, S =L
N 0.14x107,

®3 HAIRIRLS

Table 3 Ablation experiment results

BT — p— PR g
Choif T)jl\C %ﬁ%ﬁution Bottleneckl Bottleneck2 L:aii}lf( }l,lglfl]}li{u?cﬁ%m Ac(:iﬁif/% Pa?a%eirs Modz%\i?g:tﬁs/MB
- 85.39 0.71x107 27.20
KRR \ 87.24 0.73x107 27.80
Standard convolutions - N 85.94 0.96x107 36.89
85.50 0.71x107 27.20
- 86.38 0.08x107 3.34
VERETT ) B v 87.09 0.10x10 3.94
Depthwise separable - \ 86.83 0.12x10’ 4.77
convolutions - - 86.69 0.08x107 334
v \ 88.08 0.14x107 5.37

2.4 AERESEHF AL
Nt — P RHIE LMA-CNNs BB A 2400, AR T 4E
155 FH AH TR) H 4l 4R 0 A5 N 5 AN [R5 3 4R H A O vk
(IncRes-V2. Hii#f ResNet18., DECA #l I-CBAM) Hf7T
FLA o IncRes-V2U 77 i85 6 5k 22 5 M R0 4y B B AR A
PR TG 53 R 26 BudE ResNet187* 7 i2idid 5 A\
FE R R bR B AR B0 33 T HE L2 R IIARE A DECA
5% 7 UM P X3 52— 4 46 B A SR 8 AT R R E A
B, FIINBEMNERZSHMNBEN S o 588
B E NS, A5 Y B8 ik N7 3%k B RCRFAIE I 8 ST
Z RS £ s 1-CBAMP Nt 25 [A] 3 2% ) A i &
JIRIFATIERE, MR AT L AL B P A IR )
e PR INR 4 PR,
x4 TRMRFZELR
Table 4 Comparison of different research methods

e BB
Accuracy/  Model
% weights/MB

ik i EIES 6l GRS ES HArae

Method Year Image Initial

number learning rate Optimizer

IncRes-V2* 2019 36258 0.01 RMSprop  86.10 237.2

Resﬁiﬁgml 2020 36255 0.001 Adam 86.83

DECA"™ 2021 35861 0.05 SGD 86.35 185.4
I-CBAM* ! 2021 36258  0.0001  Adam  86.39 283
LMA-CNNs 2022 36255 0.001 Adam  88.08 5.37

T MR,
Note: * represents the use of transfer learning.

BRAEWII T 53 FAT 55 B AME 2 A0 32 R R ) %2
JI T RV R I IR 2% 24, ATELE Y LMA-CNNs
FRBAERA M HER A ST B 0L T BAT S e R . B
/NIRRT A R AR R PR MR R SR
JE . AT BB JE R LMA-CNN s B8 F R B 7] 43 B 6 A0
> Z R, SINTE R LA 2 RO R & S5 A R R A

TREE O] 43 B AR5 FERE T A JE IR RS I e ke o) 285 A 5 TR
BT 8, A% Leaky ReLU BREUHI EL T ReLU BRI EHHX
FIEGAAERHE, A3 &R E S IRE AR A IR
2.5 AREERIEVMHREIRANER

3T LMA-CNNSs #2056 AN [5] F2 B AR AR 499 5 110 iR
SRR, WEHUR S 5002 W 4 e R ) & Ah S R
BR AT VP4, AERR 3 AR FVRIE R W 7 s o
HAP R RERT A AR B 2R E R, ITREE
SARAE, FIMRERTMARRE, Horon f 28 b 1 (E O 30
SRR AT . FTEARR T EH R ES, Bk E
12 PP B850, Hamdsm “—m” GRS «meH”
EUGZ IR Z A K, 25 KR AW, #OR & 6%
ERHREIATE R ER. WE 7 7TUE H LMA-CNNs
RASEFE A R A B A 45 R, MR R B
T MobileNetV3 Hl ViT.

M 40

2 80 396 96 354 77
General
Serious
M E %l M eE
General  Serious General  Serious General  Serious
a. LMA-CNNs b. MobileNetV3 c. ViT

B 7 &immERERMNERGRFESE
Fig.7 Confusion matrix of tomato disease degree recognition
results

WIS RE PR 59 2K 8% 2K BRI RS B &
(Precision). A [F|Z (Recall) FlHFHFE (Specificity )
YEJ9 LMA-CNNs #RIVERER AT 4R bR . $8ARHITHE A

W s

Precision = x100% 9)

TP +FP
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TP
TP +FN

Recall = x100% (10

x100% an
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2.6 FHERTHLLER

LA 22 90 25 1 RS AL W] AL A BT B A 20 SR
IRt FE o AHF 78R Grad-CAMP O )53k, @8 A5
A = BT 4R BB B R R AT AT AL AL R AT, TR
LMA-CNNs #RUAEAN A2 2 18] 2 3 MR R EAT X L 5
PRI

8 BRI ZRTE R 1) J2 A ey A AL 1 T 4L
fREE R, AT LA i LMA-CNNs B4 2% 5] BAT 2 Uk
it Conv2 FITTRALGE SRATHI, HBRAEMZE 47 227
AREBL%. Bt HIKSCEERAMEE 2. B Conv4
A Conv7 HIFTAHLALEE AT RN, BEHE W44 2B, L
ULE P SE RS P i e R R EPSE S O E L P S
[

7 i e
Tomato healthy

At A th
i
Tomato YLCV
general

Fpnvcte it &
P T
Tomato YLCV
serious

J e PR Conv2
Original image

7E(Note): YLCV : Yellow Leaf Curl Virus.

B8 M%) BAFLE T AL LE
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Crop disease recognition using attention mechanism and
multi-scale lightweight network
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Abstract: In recent years, diseases and pests have caused a huge loss in agricultural production. Accurate identification of crop
diseases and timely protection are important measures to ensure crop yield. Traditional methods of diagnosing agricultural
diseases typically depend on the expertise and judgment of specialists. This approach is dependent on human subjective
perception, which is prone to error and cannot ensure timeliness. The optimal time to cure agricultural diseases may be missed
by traditional methods, resulting in financial losses. The neural networks and the development of deep learning have brought
new technologies to the appraisal of agricultural diseases. However, certain large-scale neural networks cannot be implemented
on mobile terminals to accomplish crop disease detection in realistic settings due to the low identification accuracy and a huge
number of parameters. To address the problems of large size and low accuracy of traditional crop disease recognition models,
we proposed a Lightweight Multi-scale Attention Convolutional Neural Networks (LMA-CNNs) to solve the above problems.
First, in order to reduce the number of parameters and make the model lightweight, depthwise separable convolution was
adopted as the main structure of the network; secondly, the residual attention module and multi-scale feature fusion module
were designed on the basis of depthwise separable convolution; at the same time, the Leaky ReLU activation function was
introduced to enhance the extraction of negative-valued features. The residual attention module enhanced the weight of useful
feature information and weakened the weight of interference information such as noise by embedding channels and spatial
attention mechanisms, and improved the recognition of important features by the network model. Residual connections could
effectively prevent network degradation. The multi-scale feature fusion module used its convolution kernels of different scales
to extract disease features of multiple scales, which improved the richness of features. The experimental results showed that
the accuracy of the LMA-CNNs model on the test set of 59 types of disease images was 88.08%, and the number of parameters
was only 0.14x10". Through comparative experiments, the LMA-CNNs model outperformed ResNet34, ResNeXt,
ShuffleNetV2, MobileNetV3, and the more popular Vision Transformer recently. This study further verified the effectiveness
of the LMA-CNNs model by comparing the network models designed by different researchers under the same dataset.
Comparative experiments showed that the LMA-CNNs model reduced the number of model parameters on the premise of
improving accuracy. Because of the problem of poor interpretability of the neural network model, this study used Grad-CAM
to visualize the features extracted by the middle layer of the model and explained the model through the visualization results to
obtain different feature information on different convolutional layers. As the number of layers increased, the LMA-CNNs
model paid more attention to the diseased area. In summary, the LMA-CNNs model could extract more disease feature
information, better balanc the model complexity and model recognition accuracy, and provid a reference for mobile crop
disease recognition. In the future, we will continue to optimize the algorithm, deploy the model to the mobile terminal to detect
crop diseases in real-field scenarios, and improve detection accuracy and efficiency.

Keywords: crops; models; image identification; attention mechanism; multi-scale convolution



