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Abstract

Computer vision plays a significant role in the intelligent application of agriculture. Addressing chal-
lenges in vegetable image classification, such as high inter-class similarity and large intra-class vari-
ance, traditional convolutional neural networks (CNNs) often struggle to extract sufficiently discrim-
inative features. This paper proposes an improved ResNet18 model integrated with the Convolutional
Block Attention Module (CBAM) to enhance the recognition accuracy and robustness of vegetable im-
ages. By embedding channel and spatial attention modules into the residual blocks, ResNet18-CBAM
strengthens the model'’s ability to focus on critical regions and salient features, achieving adaptive fea-
ture calibration and enhancement. Experiments were conducted on the publicly available Kaggle Veg-
etable Image dataset for systematic training and testing. Results demonstrate that ResNet18-CBAM
achieves a classification accuracy of 99.67% and a macro-average F1-score of 0.997 on the test set,
significantly outperforming the baseline ResNet18 model. This study validates that the incorporation
of the CBAM attention mechanism effectively enhances the model’s perceptual capability in complex
agricultural image recognition tasks, providing a reliable technical pathway for the practical appli-
cation of high-precision vegetable classification systems.
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B N TR B ST EAN BRI OE R &, BRI ARAE RO AN H 2672 [1], JLHAER
P EB R PR R N E RS R b R EEAEH . BRSRVE NE BRI
FRp R 5 o St SeBAOr B B A BRI OCERIAT . AR, AR Guakol A = 5 Jiad Ak & e N TRl
TIERCRAR . EIESR . RO B, e DA O R SERHAEE R . IEAER, LB RS
25 (CNN) AR IR FE S 2 BoR, FEAE LR K 2 I AGRFE B B5E iR 71, ERME 28, B skl 5
HURLAEAT 25 EUAS T SEm R [2] [3]. 48 3L CNN #2401 VGG [4]. GoogLeNet [5]F1 ResNet [6]%57E
T EUGR BTSRRI T SR ERE, B N T B 2R[3] [7] M 2 W [8] % A M AN AT 55
Hio o, ResNet J#id 51 NFRZZ AL, 5B T IR Z P28 IR0 FE T S I8, 575 ) S B TR 1 1Y 45
FONTETRE, MR 7 SR RHIE R Ik e

JUE DL bl AR AR B4 R SRR RE, (FDRE I BB B TR RS R 4 AT S5 B, BT AN
R PR ZRIAIIR . AN SO A5 AP WA SRS = (S 2 (R AR ALLE), T [A) — RS DGR A% R KT L 04
A AFTE R E S (MR Z ), 1540 CNN HELAS 8 SR I IX 0 MEAFAE, 70 RvER R 2 IR . A T il
XUk, PRTPEAERAERE ), BFAENTEERAET A THNRER: — R ER R, HIR M
gEH, RIKIEE AR FLbRE; 2L AER LT (Attention Mechanism), B 7E LR AL GERS 5 38 B HL
RAETEUR P I CER A X, FIRIHITE 0 55 BT, EAZER IR, BRPUEE I
Ht(Convolutional Block Attention Module, CBAM) [9] K| (Bl a4 5 &t i 52 372 K%iE. CBAM @ik
URAE B TE 10N 23 [H) 24 B L 3b AT [ 38 N ARRAE RS HE, IR BH RE 0 G 5O ol R (O E Rk e g, /638 FH G
WAME S PRI -
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Al G 2 G ks B UM 55 M s i), DRSS 23 SRS FE 5 B e A% O H bR, 1R
filZ CBAM ALl [¥] ResNet18-CBAM B2 /3 FA A . W7t TAEFZA: (1) £T ImageNet HHE £/ T
T 25 ResNet18 (15552 UG IR AI BMERIRY, I RGVPAGIHERE: (2) GUFMTEHS CBAM V& I HEHUR A
FI| ResNet18 (1) &l #% % B (Basic Block) /', #J%E H ResNet18-CBAM BIHT AR, 15 2435 1 B X S
FIVERHE VBRI SR HERE 715 (3) I 74 BT LU SR 5 AT 20 T, B8HIE T ResNet18-CBAM 1Y (14
B, NESEEE AR AIREE T — PSR AT R IR T R SR SE R ResNet18-
CBAM HEAULE MR AE L )53 SR UERf 5 B35 A8 1 SRR, FEMER T CBAM HLHIFE & 24k &R
TS BRI ).

2. BRI
2.1. HiREHR

W9t K H Kaggle “F & A JT ) Vegetable Image Dataset [11]4F JySzIb At ik . 28R 5 15 M
WEEMEE, 3£21,000 5kE1ME, Fh2s5r4, BERERE, EGWRES MBS S M. $dE
SLOTIERI > RIS (Train, 15,000 5K E15). 4iE4:(Validation, 3000 7k &) R4 (Test, 3000 5k
B1g), HEMGiiE R s 1R . BlEde b BUGREBI & 1 Fs:

Table 1. Dataset statistics
=1 BEERITER

G SV e {9 EH

e 15,000 TS0

BOUESE 3000 T EAGE S H O A i &
g 3000 F T PPA R A dpe e M

Bitter_Gourd

Figure 1. Sample images from the Vegetable Image dataset

[#] 1. Vegetable Image &5 # BB 1A
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2.2. WHETRALIE

i 2 ResNet Z 5L 6107 H0% N BRI BB H032 AL Al 17, MBSt ild, PRMRIBEAF T 55—
AL I

(1) RFARS Ik, A RS0 224 224 192, F660H ImageNet [12] 038 i bR 4
(BRI 2 TR 2 (A — LA

(2) BEIER, (EBUR LRI B, xR PR PR LK P B . AL IE B RIS B0 S e R 7
SRR, LU SRR 1 R S RE N

3. IRB Y SCH
3.1. ResNet18 E Al LE#

W58 K I 46 L IR U35 R ResNet18 1E B A B T 4%, ResNet F 41 BAL @ i 5] N7k 22 i 4%
(Residual Connection) it J2 9 26 I Gk Hh (A6 B2 1 2k 15 I 25 384k Il i, Bk 72 Bi(Bassic Block) 145 % 2
KQ)FR:

y=F(%{W})+x 1)
Jor, x Aly 2) BRI Z DR, F (x (W, ) AR 22 5] B 2 M G 2 3% 3 B
).
3.2. ERBIEETIHHI(CBAM)

DN TH AR R i 5 PP O SRRy AL AR S BCRE 70 FF 46 E R SHE B TP, SINEBIBRE B L
CBAM. HERFIZLHLEIZ S CBAM 1 SCHEH B HIE B /IR [9]. CBAM Jy— AN 2 )i AT
P, LB IE T B (CAM) R (B3 5 I (SAM) , B AR R N ARFALE 1 78 368 308 0 2 ) 7 A4 24 P
BEAT EE NRFAERHE, e nla 2 fros[9].

( Convolutional Block Attention Module \

Channel
Refined Feature

Input Feature Attention Spatial
Module Attention
Sl =)\ S

:® »(X) —> .

Figure 2. Schematic diagram of the CBAM module
2. CBAM EHRmEE

IEVE R I H(CAM) B 7E BASIE 1E 2 18] (AR FARC 2R, T LR X 26 3 15 JE B2 B K P AR A S
AR YOI E A (B 4B AT AR T I AN 4 R B ORI R A, AN A R R E R R, 2
WA 3 FiR[9]e KR FFIE N — N = L B AIHL(Shared MLP)FRE4T 403, 28383t Sigmoid #4035 &R
HUE B A B IEE B IRE M, e RO, %t B s (Q2) Fis:

b}
S(EE]

M, (F) = o-(MLP(AvgPool (F ))+MLP(MaxPool (F))) @)
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Figure 3. Schematic diagram of the CAM module
& 3. CAM 5 EE

2 A R I (SAM) I T o iR AR B P i as (alAr BAE S, X CAM it A AFAE PI/E S I 4 _E 3k
APPSR e R Ak, KR B R 5 AP A H «W L IR, 4854 I B2 (Concatenate) . Hf42/5 1)
REAE B 28— AN 7% 7 B RUZ AT Sigmoid B, AR B IR R JIALE Mg e RPTY L sl (3) s

Ms (F')=o( 17 ([ AvgPool (F');MaxPool (F")])) ®)

Hrh, o %5 Sigmoid %, 7 FORBEBURIE. LM WE 4 BTR[9]:

( Spatial Attention Module \
conv
layer
-
Channel-refined [MaxPool, AvgPool] Spatial Attention
\ feature F’ M, J

Figure 4. Schematic diagram of the SAM module
B 4. SAM R EE

3.3. ResNet18-CBAM %44 it

¥ CBAM HiHLk \ 2| ResNet18 [¥143 Basic Block 1, #4% ResNet18-CBAM & 53 . fnfs] 5 fir
Ny X BHER MR AEREAT IR ZE S T M RIS, RESE S A A Z R IR A HEAT I8 I8 5 2 W) E RS i L
e, RS BRA AR OC IR R, TS TR AL I RAERE ST SO )R PR ZE AT P % HR 1L 2
AR N (4):

y =ReLU(CBAM(f (x,{W}))+x) @)

4, LSRN
4.1 STWSHWEE

R TA ST PyTorch VR EE 22 SIHEZRHEAT , AP Xt B FE R AR AR TR 78 43U 8, A< 30~ ResNet18
FEHERAY 5 ResNet18-CBAM iR E TS — IS8 ARSI S B0 E I8 2 Frs . A2t
TR, FREESIGIEE FRi R SR, HRARIFEM R AR R B AR EEH, AT)/ES:
YIRS ME BE VR
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Figure 5. Schematic diagram of the ResNet18-CBAM residual block structure

5. ResNet18-CBAM 3k ZE 454 [E

Table 2. Model training parameter settings
F* 2. EENIGSHEE

SHAATR ZHUH BB R
TR ZRA & ResNet18 (Image Net) T IE R 2 > sk, A 2R B
P 30 il PR 78 7 i 8
LR KN 128 P GRE IS AT
NG 224 x 224 JERAC ResNet 41 N ZER
IV RS 0.01 BT SGD fhfeas L sl
Preds Adam [13] EprvE/E K ined
EENEE Cross Entropy Loss 25y AT FARHEDL R
)RR StepLR (step_size = 5, gamma = 0.1) IG5 S5 HA B 2 31 26 LSRR IR S

4.2. NgFIE

ResNet18-CBAM M [y )il Zxid R 45 2k 5 HET R AAL fh 2 i 15 6 o . MBS BRI R, B

ResNet18 CBAM Model training loss curve

ResNet18 CBAM Model training Acc curve

—— Validation Loss
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Figure 6. Loss and accuracy curves during model training
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YRI5 2 (Train Loss) 536 1iE45 2 (Validation Loss)#) S IRTE T [0 8 #o)aia T The, X RUIH
RE B B R S E B RIEFILE Re IR SRR E v . IS I HERAR SR R IR, I ZRAErf 2 A0S
EHERR 2 B4R, SR UEHER 2 B AR R KT, 1985 T CBAM HEHRT SCRERFIE K 2% S 395, I 25
JE S ) AR B R UCHAT DRSS I T — /MBS T, UE B 5 2 2R P SR AT R

4.3. TR S a9t

T 57 R VTR 28 (Accuracy) A1 F- %) F1-Score (Macro F1-Score){E Ay 1k fetehn, 4P biia st
BRI EE ST -
43.1. MREFBIRITLE

% 3 R R APERE RN . 45K, ResNet18-CBAM HEAIZEMIAEE FEUE T 99.67%[H %
H10.997 i) %:F-¥ F1-Score, AHELT AR R JIHLHI ) ResNetl8 FefERIAY, HEWR ST 17 0.54 M E T
A, Macro F1-Score #2717 0.006. 784:iEH] T CBAM AL 8 i 38 5 3 30 A 2 [ R AT (R RS e 1, A 3
T+ T BRI AR B R

Table 3. Model performance comparison
= 3. fREUMERERTLL

it HERFI 2R (Accuracy) % F¥) F1-Score (Macro F1-Score)
ResNet18 99.13% 0.991
ResNet18 CBAM 99.67% 0.997

432 RO
7 4 ResNet18-CBAM F=AIZEMIREE b ARG FERE, B A0SR AR Y 6 8-S B B AR A I o

ResNet18 CBAM test matrix (pic 6)

Bean - 0 0 0 0 0 0 0 0 0 0 0 0 0 0

200

Bitter_Gourd -
175

Bottle_Gourd -
Brinjal -

150

Broccoli -
Cabbage - 125

Capsicum -

Carrot -

true label

Cauliflower -
Cucumber - -7
Papaya -
Potato -
Pumpkin -
-25
Radish -

Tomato -

Bean -
Bitter_Gourd -
Brinjal -
Broccoli -
Cabbage -
Capsicum -
Carrot -
Cauliflower -
Cucumber -
Pumpkin -
Radish
Tomato 5]

Bottle_Gourd -

predict label

Figure 7. Confusion matrix of the ResNet18-CBAM model on the test set
[ 7. ResNet18-CBAM = EIFE A &R AR B
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MBS 7 AT, B R B SSR KR B AR R R, A AR 7 3 IR RE . Bl
Brinjal (7fi 3°)#1 Bitter_Gourd (%), X5 EIAHIGIE L A1 2 A1 H Ao R S08E 72 5t s FEAR B
AR, BRI S, LD TR ALEH, BB TR R RS et

N T BRI R SR IR RCR, 18] 8 BhHR 1A ) R 23 IE R A 5% 00 SRR A AT W AL
RS REWIR A, BRI EERS s Th R AR AN RDEIR . AR I 2R, @I 7 A el R B
AR, CEATEE BARAEAS R E . AR, S ST BRI A, R R AROREE— b S A Y

7 18] o
ResNet18-CBAM visual display of classification results
[ correct [ correct [ correct
true: Bean true: Bean true: Bean
predict: Bean predict: Bean predict: Bean

[ error 0 error 0 error
true: Bitter_Gourd true: Bitter_Gourd true: Brinjal
predict: Brinjal predict: Pumpkin predict: Bitter_Gourd

N

Figure 8. Visualization examples of model classification results
8. #RE 5y HKEERTTILILAES

4.4, EBIFRREM 5347 (Grad-CAM)

FINH FE NI S 55 (Grad-CAM) B A AY #5432 b B2 o Sy 9 DX S AT TR AT, gk —25
K4IF ResNet18-CBAM HERL [y g5 WLt - Grad-CAM @it 15 H bR iR AR T i 28 B AR E R I A
H, R RRARE SR R IR B R A B, SRR R R X0 4 SRR DTRRER K

M HCMAREE A 1) S B B R G A2 . Grad-CAM #4119 7R, ResNet18-CBAM A1) #4 7
Bl FE AR R T B AR X3, G A I FR RS0 IR e Se 8, R B CBAM MLHIA 2051 SR S AL T
BIRFE . BEAh, S6FT 28080 228 S 950/ N R B8 S AT BB Y S8 DA BMURFAE IX 45k, BRAUE T I VR & 1B (CAM) FI
7 () R IR (SAM) B [FIAE F R FORRIE R 5 B8 70 . AT AR 45 IR e /0 iE B, A2 R SR AR T G 1 K
S S BT AREAA N S Eg s, B R IR AR
4.5. jBREIR 557

NIGUE CBAM Jr HoF A (1B = /7 CAM R (]33 2 J1 SAM)GTAE R 1 GEFR THA &4t AHIF 78 %
T RGHIYRISEE . DLF LA ResNetl8 Jy i), #4281 DU A E R .

ResNet18 (Baseline): Frifi ResNet18 45k, K5I AJEE FIHLH];
ResNet18-CAM: 7 ResNet18 1 {X ifk N J# iy &% /7 ik
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ResNet18-SAM: 7& ResNet18 ARk A\ 45 (] & b

ResNet18-CBAM (Full Model): 7£ ResNet18 ik \ 56 % CBAM i,

SIS AR UNFE 4 Fios. ResNetl8-CBAM 7R I HUAS Al 1 R (1A 26 99.67%, Macro F1-Score
0.9967), TN T IR K H AL AZ K . ResNet18-CAM 5 ResNet18-SAM 43713l =t 1 5 i i Jk 1 5 4%
5] 58 7 R ) SEPEREFR T, R AP MR AERFAE SR O 5 BE AR . dbdh, anlsl 10 2Rt 72 th 4
AN T ANTRIE R I ALRASE 2R i S5 R AN A e ME R 2, CBAM AR BLIGIE S i ff 22 it 28 T Uk By, 56
RS TR, BT AR TR, E—PIGE CBAM BEAYZE I THI & FEAE .

Orig. (Bean) Orig. (Bitter_Gourd) Orig. (Bitter_Gourd)

Orig. (Bean)

CAM (Bean)

Figure 9. ResNet18-CBAM Gard-CAM visualization
9. ResNet18-CBAM 122 Grad-CAM AL {LLER

Table 4. Comparison of ablation experimental results of the ResNet18-CBAM model
% 4. ResNet18-CBAM 1R AV HRASLIG 45 R AT EL

A 42 F IO T A TR A UHE B 2 (%) % V) F1-Score
ResNet18 Baseline I 99.13% 0.9913
RestNet18-CAM SERES =W 99.57% 0.9956
RestNet18-SAM EalIFE =Wl 99.4% 0.994
RestNet18-CBAM CBAM (CAM + SAM) 99.67% 0.9967

5. GRSRE

AT R G R BTSSR E T T CBAM VERE JIHLHI ) ResNet18-CBAM #5 A , JEF-Tii
It g 1 B8 ResNet18 FEUEARTY, RAIER % S R7E Kaggle Vegetable Image £ 4E Lk (T T R4
PRI RS0, G5 U AR B 2 R (CBAM) ik A FI| ResNet18 5% 2B, RERGENS [ 3 i
TE T8 8 N 2 R PR A2 B N R IE AT RS v . S0 25 R B, ResNet18-CBAM LAY 7E i 4 FELAS T
99.93%[11 73 kR %5 0.9990 [%:F¥Y F1-Score, PERE WML, 45 R90UF T CBAM V& /)
BUIOS T4 TH B R 70 RS FE G R, RS AiRE B2 B 70 SR I R AL T A 2 RS %
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Figure 10. Comparison chart of model training history
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