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Abstract

To address the challenges of low recognition accuracy for pepper diseases and pests in real-world
environments, as well as the large parameter size and high memory consumption of deep convolu-
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tional networks, this paper proposes an improved MobileNetV2-based image recognition algorithm
for pepper disease and pest identification. First, channel attention and spatial attention mechanisms
are introduced into the baseline model to enhance its sensitivity to feature information. Addition-
ally, L2 regularization is incorporated into the loss function to smooth the gradient and mitigate
model overfitting. Experimental results demonstrate that the improved model achieves an accuracy
of 94.43%, with a 4.38% increase in precision, a 3.38% improvement in recall, and a 3.88% boost
in F1-score compared to the baseline model. Furthermore, the enhanced model has only 2.43 M pa-
rameters, an increase of merely 0.2 M over the original model. The proposed method maintains a low
parameter count while achieving high recognition accuracy, demonstrating significant advantages
in practical applications.
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BRI E M A MBS —, HMEmAUARIZ) 223 JI A, B R KA KRS
3, DARAERTT 0 R ol 25 A g S 75 SR A PRI S K, 0 BB 240 A P I i) 75 SRt H a3 [1]
SRIM, FEBARFPRE A A KT R R, 5 2B &Ml E IR, X BRI = = /i &=k 7 KR
Wi o DRI, SRR S P SO 0 0[5 9 b 7 o S ML P v 7 A ol A G B 2]

£ LRI R0 3 BARFE T KNI SR B AR 2 50 1 W, X B8 7 VERE SR (A0 RG 77, PR
RHIERARA, FEEE AR SRR A BT TR IE( SIFT. HOG. LBP)4:
GG AR SYM. BEALARAK), M s B EHE IR S B 1. e g R IR B0 A 2, Ling 55
[3]4 H — PR A VR T 2 o) S HLES 2 ST 3 i s AR RE R 7 Rl M Lol BUR ER 4K CNN
RUBEATRHERREL, 454 DAL SVM AT KNN =7 245, oI AN fnii2: . sSeiak iy, &R
& VGG16 iR AERfZ Ik 94.95%, 1M ResNet50 + DA 41 & Wi AL AR HERG R IA 97.12%., ZIR & 71k R FIR
T TSR SRR, AW A PR T FE IR SCRE . 2R FR S5 [41F FH 2 R 3 A o 2 o S I SR AR AE
FIPOESREL, 454 R BN 2588, SCIR T 90.88% ) H b > 25 . BEITH45[5]9E T Lab (oA A
av b A ESEEL T A RO B SR SR EL, R AR A A K SE R R EIE R A BIR, [FIR s
WA SRR I AR 4 2890 3 AR A 5528, IRAIHERZRIA 3] 1 89.5%. Han %5 [6]42 H 5 T 154
WU ES LA SR I, BTt Al 3 ORI RSt SRE0 R IZ AR IR AR e mis 98.06%, 4 iR
ik 5.83%, REM TG, AIE ST RFERMEE S, BRI B xRl 5 IR 1
KA 18, Chen Z5[7]4 H 3 T 52451 i 53 18 9 (1DA) AN 29 SRR AE VA A (CFT) J7¥: - IDA i H AR AN
TRA I RIE TR RS, CFT SCHUSHERFIE /2. SEIR R, RS VIT BBE 2 a4 b
RO, Bzl 908.21%, BURELHA R ERA, ARUER T KBS N IE iR MR . SR
FIMLES 2 SRR 7 M8 T N THRRAE TR, o MR RE R =2, 21hie 1%,

bEE N LR Ae il R e, BT RS RIR BE 2 S SR R 2 B TR H4[8] [9]. 4=
[10]FIAMP[11] [12]55 & Fp AR . VR % 2 R AL & KB AL Z M N T AR 48 40 H, i B el a i
B )TN, RIS AR EEAR L N S5, B3 3R T TR MR IR Z AT %5 P 1 BB [13]. X
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ENEE[LA R Z R e T I, AR 45 G IR B nT 43 8 5k 22 AR B A e e ik 22 () B iy b4 — b & 22 3k
RN B B N4, AR SR B A At I, [ 7E PlantVillage ¥ S5 8088 4 1 sedl 7K F
99.7%It) Top5 #ERfZE DL K KT 95.9%(1) Topl #EfZ . SREEF[15]@ 5] N CBAM & JIpLi| A L2 1E ]
b, $EH TN CBAM-GoogleNet #5574 7E LR 1F ikl FE (MER 2 99.5%) 1 [F] B, 5 2 I/ IS LR AR I
EFTVNZRETR],  SEBL T BOARUR B E I RORA, BRI AR R S RE. Ferentinos Z5[16]F & T —HF A T
TP FARN 512 W BRI N, 7E 87,848 TR ARG EHRESE LAy, A% T 99.53% M #EM
R, AEENH T ESCRE IS . WBISE[L7RH JC S B B AN R W SR O EfficientNet V2 AR
R, WFEK 4 R E Topl #ERGFRIAH] 95.99%. FHA T RIS 1.52 N E 70 .

AT FUIEHUR B MobileNetV2 BEAE R F TN LS, 255 CBAM 3 = LIS I 2% 50 5cyd: T
o U ARRAE, B G T S Rg e, [RIRH RS BB I L2 IENUAK, SPIEHR S R B B R, DAR RAR
R E . A TS H A T AERE N I & i, TRl D B 2% T 5t 1 BROARUS HRUTE 1) B R B R 5
B

2. BEEMAE
2.1 BIERMAE

AT TR A BB B B 2ok B T RGO OPBCr &, REEGIH A FHIERE RS TR
LA, EHBOLT 4 PSRBT AN R B 25, R LR A E . [Ny T 5HE
B2 ALRE ST, ASCHAET T Plant Village 24 T4 S (K35 50 T BB Bl , RIS RAE RN A 1645
gk, RS F 1000 5K, BT 1000 5K, e 1000 K, SO EGoRGIanE 1 TR

e BRI S
(b)Plant Village 2 JF ¥4

Figure 1. Partial data display
E 1. BOBIERR

NT BRI RE R AT ISR, KT R S SR BRI R, R UG IEIR 7:1:2 (R IR AR
BOESE R IRAE . ik G D SO A I AR Z S A, AW SO R R R 0] e S R A
BEATLIE % £ P 5 22 PR B 3G 5 7 VR VN SRR R AT 78 A B . [R]IPE i M R ST T R 224 x 224 %
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Table 1. Types and data distribution of chili pepper diseases and pests

® 1 RMRREMERBIES T

I U EIGH= (k)
HAY VI3 LAflgeS MREE ¥ el e
P59 274 39 78 822
H#AY 230 33 66 690
I TR 312 45 89 936
B EANE 283 40 81 849

2.2. FmEREE B ER

2.2.1. MobileNetV2 {&#

MobileNetV2 [18]# %4 Hi Google HIBAT- 2008 -4 tH, HRAHREE W 4 B GBI HEER, ¥itHE
FRSECAESE CNN 1) 1/8~1/9;  [RIRHZ M 2 A FH Bk 22 4544, W& 2 Firo, X an A\ 21 2% o (R AR AE
JeTtUE S EE, TEHE s AT IR B ARIREAE AR 3, S o IR MR 4E, A RERTHRHEZ RN RS
W 15155 22 5 ) PO sT AR B4 S5 1 ReLUG B0 bR B0 ¥ R SR MG pR B, A3 R T T B4 I IR AIEAS 2.

PREEH[19].

Conv 1x1, Linear

T

Dwise 3x3, ReLU6

¢

Conv 1x1, ReLU6

Figure 2. Inverted residual structure diagram

Stride=1 block

2. BIBREL

Conv 1x1, Linear

4

Dwise 3x3,
Stride=2, ReLU6

A

Conv 1x1, ReLU6

Stride=2 block

T 5 B 2 A R AN 2R ME LA 45 70, MobileNetV2 15 77E IR M 48 2 HU0 Rl i, RN SisH k. 5
HLL K CPU #ERT#R L MobileNet 1151152 T & F+. MobileNetV2 [/ 28 &5/ a1 % 2 Fiios.

Table 2. MobileNetV2 network architecture
5% 2. MobileNetV2 M4k &5+

Input Operator t c n S

224 x 224 x 3 Convad - 32 1 2
112 x 112 x 32 Bottleneck 1 16 1 1
112 x 112 x 16 Bottleneck 6 24 2 2
56 x 56 x 24 Bottleneck 6 32 3 2

28 x 28 x 32 Bottleneck 6 64 4 2

14 x 14 x 64 Bottleneck 6 96 3 1
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14 x 14 x 96 Bottleneck 6 160 3 2
7x7x160 Bottleneck 6 320 1 1
7x7x320 Conv2d1x1 - 1280 1 1
7 x7 %1280 AvgPool 7 x 7 - - 1 -
1x1x1280 Conv2d 1 x1 k -
7E: Bottleneck 3K MobileNetV2 IR Z 45 t REY KA T cREFHEEEL; nREZEZHEELH; sRED
/2

222, BESZEFEHIER
LR & 7k (Convolutional Block Attention Module, CBAM) Hi 3 38 v 12 /A H i 4 1) 1 2
BRI R[20], SRR R e, OB RREAL A ] 3 foR,  HARIA R W R FIR:
F'=M, (F)®F . )
F'=M, (F)®F, @

o, FRREARHEE, M H M, 535 3Rl f s (1) e .

AR IR

3
>

Gl [IPEN AR o

.
>

i N HFAE i R AIE

Figure 3. CBAM module structure diagram
3. CBAM #&IREEH[E]

BRI E B S] AN FBIEZ (A AR G, S smi@iE R RIS,  RARRE W T s,
M¢ (F) = o (MLP(AvgPool (F))+MLP(MaxPool (F)))

oo o, ) o (5. )) |

X, AvgPool . MaxPool 73l 7R P-4t A Fl e Kb A, MLP Rom—/N i 2 B A 30 o 57
4E, MLP FIBCE W, FTW, 35T M2 21, o o Sigmoid B B2

llﬂ/}_%ﬁ*ﬁcﬁ%%?j.@@PTHEWE’JEEﬁ, o AN TR DX RRFAE AT IR Rl A, 28 1R R A
BRI N T VR I H ARRAE, BARRIE S R R

M (F)=o( 17 ([ AvgPool (F);MaxPool (F)]))
_O-(f7X7|:Fas;/g Fs :I)
A, 7T RIRKANH T x T BRI,

CBAM [IHIEVE 2 1 FREE /I MLP 23 A AU T 2 H, BN ZHEN D, R
B BRSO HUFE DR/ —, CBAM i i A ML AT LA AR S 4% 1] [X 4k, HET, R ARy
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2.2.3. L2 IEM4k
IENME ML 22 3 s T 07 bR LA PR R, T ) 2 S FE 5 NBAN A s A T 00, 7ERF
IR ZRAR 2 1 R I R R T 2, R T2 AR RE ). FEBUR AR PR A 40 26 oR B o 5] AR TR S 80 (1 Y B
T I
Jg (0)=3(0)+2Q(0) (5)

Hr Q(O) RRIEMALT, A FH ISR, 0 BRI rT I 2240

A SR B BOIE MR 5 H AR UL HCRE L, 7T Ae S BRI 2R 8k RIS, (EAE
MREE Bz ARRE 22, L2 IR IE R 15 ST SR S50~ 7 MR BT LR 300 o R BOR R A ]
BOBAL O N B NS T8O, I L2 IR )G, BUE AL RAERUINE A, AR 5
1o AEAS SURBUR IR EANA L2 RIS, S5k e B0

1N¢ 1
‘Ctotal = _ﬁgiz'lyi,c IOg( pi,c ) + AE"HHE ’ (6)
e IR AR, B30 2R U R, 58 iR & L2 IENT.
2.2.4. IRBIRFHESR
AR E RS MobileNetV2 W4, S0 HAER 271 5t MEFER I IR A m S5 8, 5
A CBAM VE = SIHUHIN SR LR A b AT et , 78 AR SP I Ab B/ 2 BTN I CBAM 4, INSEFFAERY

Fh, FRERREEP I L2 65, S SEREMATLR, B8 bR A . A SR HE S 25 4
x4 B

Class 1

Class 2

Class 3
-

224x224x3

FC

Figure 4. Model framework diagram
B 4. RBMELRE

23. BMEREMBSHKE

ASaG I i 1 B AR A R R F 2R 55 2808 PyTorch 2.0.0, Python 3.8(ubuntu20.04), CUDA 11.8,
PR A Pycharm3.8, #:1E %%y Windows 11, GPU A RTX 3080x2(20GB) * 1, CPU 4 12 vCPU
Intel(R) Xeon(R) Silver 4214R CPU @ 2.40GHz.

IRt FErp YR A Adam {4628, —FEh&E N 0.9, —FshEN 0.999, ¥I4h2:>1% A 0.0001, P4
ZH e 3 R,

Table 3. Experiment parameter settings
3. LWBHRE

SHHE (il
HLALHE RN 32
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VISR 100
oo 0.0001
ERETE A 2 XA R A
itk s Adam
IEMtEZ % 0.00001

2.4. VEMIERR

N T VS S AR BAROR th 3 R R 7396 RE 7, IR ERAMERRR . RERIE . H IR F (BRI ALE
Wrigds, B MRFR T A IR Pos:

Accuracy = TP+TN x100% , @)
TP+FN+FP+TN
Precision = P x100% , (8)
TP+ FP
Recall = L x100% , 9)
TP+FN

E_ 2 x Precision x Recall
' Precision + Recall

Horbr, TP REFATEREAL: FP RMEMAVEFEARL PN ZRPITEREAR: TN 2 EBIE A%
3. XWHERS 7
3.1. 548 CNN BRI ERLEE

AR FUHRE T R AL SO 5 A AR A 28 I 4% (1 RO R TR A BT, BRI AR SCHR S it
TR S, AR 2 BRI T X, A4 AlexNet [21]. MobileNetV2 fil VGG16 [22]#E
B, BASFMERRFET GRS, EHMRPIIZGE. RIUFE. B LR IES . [FR A
SCR RS 2] 51 [23] IR A MERLZE ImageNet $E4E 1K) 1000 N2 51 TR ZRBERAL R, Inbfs
RS, R BRI AT ISR, SREA0I SRl AR i e B an 15 5 R, SEae gl LK 4.

x100% , (10)

90 4

80 1

704

HBE (%)

50 4

40 VGG16

~—— MobileNetv2
—— AlexNet

30 4 — FHRAZE

(’) Zb 4‘0 6‘0 8‘0 100
BEAOREL
Figure 5. Accuracy variation curves of different models during training
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5 R T NGRS R AR 2 B AR AR B AR A . A R EIRTRUR I VGG16 1E
REMZ, LGSR E R THERNMRESEY, HESHER, SSRGS RIS, Mt
MobileNetV2 5 AL A BT SCIL T f5 TR RRER T, ARIL T IR FE RT3 B BRI RS AL 3, (R 2R
B RCRTEZEARAE P B BRRE, AR RSO I ghid b Bk, 7EI%EAR 20
WA TRE, AMOKSCEEN, R HEfmER R, RN THess.

T 4G T SRR MR RS R, AT A R AR T AlexNet. MobileNetV2 i
VGG16 B HilFE i T 6.83%. 3.56%- 2.44%, AHECTHELRAEAY, ool AR iR 38Tt 1 4.38%, A
[l R T T 3.38%, F1{E4RTF T 3.88%, [AIR AT LK BN AL E F 1 B IS 30 (2.43M).. 25 45 R,
AR SCHE IR HUTE G A B R AR TR N /> S S A b S T BT I AR

Table 4. Performance comparison of different models

3?4 TEMREERERTLL

FRAY TR %1% FEH 1% 4 151 /% F1 {E/% R K /NMB ZH &M
AlexNet 87.60% 87.57% 86.98% 87.27% 55.66MB 14.59M
MobileNetV/2 90.87% 88.77% 89.98% 89.37% 8.51MB 2.23M
VGG16 91.99% 90.87% 89.41% 90.13% 512.24MB 134.28M
ENGIS WS 94.43% 93.15% 93.36% 93.25% 9.28MB 2.43M

NTIRN T A 35 R0 2% SRR B AR T R FH VR R R 0 M A 35S0 (K 70 R 0CR,
RN 6 P

100 100

3
RBRHTY

REHTE

FEA

BEFE

RS
T E

(a)AlexNet (b)MobileNetV2

mEFY "ER

100 100

RIGHTE
RIHE

3!‘& ﬁéﬁ‘*ﬁ ﬁéﬁ BETE ° ﬁ‘ﬁ ﬁﬁ‘*% S‘iﬁ BETE
T MRS
(c)VGG16 (DA F 1%

Figure 6. Model confusion matrix
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L6 TEMH RS T MR A I L, & A UG — i (MR 2 AN 1 R e T A
A HAREAR D HIE DL, FEOXWIA A0 A BRI AL, 7SO = LRI ER T, heE
TR ERERRG, RERTE T AR EI A EIZ, 7T E A CBAM A L2 IEMIALEAT st
ISR R PRI T U R IR
3.2. AL R

it — I AE CBAM RLHRAE BIARUR dU 3 R0 i AT e, ASHIE 70K F B P A R 0 I [24] (Gradi-
ent-weighted Class Activation Mapping, Grad-CAM)EAT iRk 74T, 4550 R & 7 s . SR, HAh
IR 95 S5 R A I 7 3l A AE TR0 2 ORI 52 2 T e TR I R, AHEC 2R, AR SCHE i) el e A d ot
CBAM = WL Rk 1 iR el @, RRE RSB 2 AL 2 T A7 B, T S0 s T TR R

JFaG &

(a) AlexNet

(b) MobileNetV2

(¢) VGG16

Figure 7. Gradient-weighted class activation mapping visualization results of the model
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3.3 REEBME S

NHE— B PHE AW FOIRER GBI, FATHER T PlantVillage 372 5R i & A TT R . 72
HORE AT 78 05 125 HAR B R AT X L s, AiRlin g R L% 5. 5 HABBIRYALE, ATHEAE N A 1 v
WFRIET] 97.52%, B IZHIEE DHERFRE R T AT Eda g b it i B IELE A s SR TR
TR T 22 SRR AT, s, MR TRE AL, BN SO AR,
Ge AT BRI (i O, AT TR S BIURFAIE . £ SRR WIAHIE 7T 75750 PlantVillage 3% R -
NIPEHR R B MR RCR, BAT R & et

Table 5. Experimental results of various models based on the PlantVillage apple leaf disease dataset

% 5 &F Plantvillage ERMHFERBENSRAIRWER

7Y T 2/%
AlexNet 91.26%
MobileNetV2 93.41%
VGG16 94.48%
NG S W 97.52%

4. #hig

BT LSRR BOROR B AR AN DA S AR G R M DA S 28 TS S N AR BURFIE S 1) /L, AR S AE
MobileNetV2 AR FeA b 51 N JEIE i 2 A28 R 2 AU, Sk T A AR R0 SRR AE X 31
W, WHRR, oot o R I HER 2k B 94.43%, BEWS TE L7 IR B BRAUR B . M T R,
Nt R RS R T T 4.38%, HEFRRTF T 3.38%, F1{EIETFT 3.88%, [Fli; Motk jE R Ay 2 HE AN
N 2.43M, AHECTJERERL G T4 0.2 M, TR & umE . [N ASCELE PlantVillage 3¢ SR
W EATFEAE S AT 7206, MRS T 97.52%, iZEAAE PlantVillage iX —FRutEAb i A TFEE 4
EROB T INZACRE . L8 b, AHER T A SEEU R TR A (RN T ek b0 s (R FR L 5 R
waeTs, HA—E .
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