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Abstract

With the continuous expansion of tea cultivation, pest and disease issues have become increasingly
prominent, posing significant threats to both yield and quality and thus constraining the sustainable
development of the tea industry. Due to the variation in control strategies for different types of pests
and diseases, accurate identification of their categories is essential for implementing targeted man-
agement measures. Traditional approaches, which rely heavily on manual experience or shallow fea-
tures, often suffer from low efficiency and limited accuracy. In recent years, convolutional neural net-
works (CNNs) have been widely applied in pest and disease recognition tasks owing to their powerful
feature extraction capabilities. In this study, an improved ConvNeXt-based model for tea pest and dis-
ease classification is proposed. Specifically, a Dual attention mechanism integrating spatial and chan-
nel attention is introduced into the ConvNeXt Block to construct the DW-Dual module, thereby en-
hancing feature representation. Furthermore, the SCConv module is embedded into the DW-Dual
structure to form the SCConvNeXt-Dual module, which strengthens feature modeling capability and
improves training efficiency. Experimental results demonstrate that the proposed model outper-
forms the baseline ConvNeXt in both convergence speed and classification performance. The number
of training epochs required for convergence is reduced from approximately 140 to 70, while the clas-
sification accuracy is improved from 93.7% to 95.4%. In summary, the proposed method achieves
higher recognition accuracy while maintaining efficient training, providing a useful reference for in-
telligent pest and disease identification and precise control in tea cultivation.
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Figure 1. Types of tea diseases and pests
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Table 1. System resulting data of standard experiment

= 1L ERE ARG SRR

FRiR Bt HOE(K) i Hi(%)
1 DEBEESEH-TE 113 12.77
2 VRIERT 100 11.30
3 5 IR BE 100 11.30
4 (R E ST 113 12.77
5 KA 100 11.30
6 1B 74 8.36
7 ANy 143 16.16
8 EP=) 142 16.05
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Figure 2. Sample images of each category and data augmentation examples
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Figure 3. Class distribution in the original dataset
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Figure 4. Class distribution in the training set after data augmentation and class balancing

4. BURIEBRAMERE T ELBERNGE SN EINBIBEIHIER

3.3. XAy ConvNeXt R4EEEEY

ARICIEHL ConvNeXt TEAFERIMZ LR . ZBEAIAE BT Bl T ResNet MZZ45H 45 Vision
Transformer (ViT)[F3B - RFIERIE F 3, @IS BRI AL 10— 05 L as sk oot , AR E T
ERCRMEIR, B DR T T B M RHESR LR 1) iz A P RE

TESERR LR R R ORI, EL 0 A B R R ZE A B B, JRAG ConvNeXt 7T
TERI A 5 RIE TG —EAL, 5 FECHE AR R R 20 . 3 s A X A R R 5% R
71, ARSCHINTER S LT R4 S5 M AT 0L o AR [RE R AL X B A, 2 Dual VEE ML
i, FEREHAIK AN Z ConvNeXt Block H1 VR BE P 4 BB FU(DW) Z 1,  MIfi#4 % DW-Dual #idk, DAETHER
TEZRIE T 1

IeAh, % [EF| ConvNeXt W4 ZHONBLEK . tHE IR, S semi i RSOl B, A — 5l
SCConv B, LPLUns#xt =3 (a5 B 58 E(E B BCE BAAe /1. fEMIEA FE, ¥ SCConv kX DW-Dual
B, T SCConvNeXt-Dual 4544 o AH G A S 36 45 TR B, 1%k SRms 76 S THS B Skt BB (1 R
A RER T SRS . ot S AR I 2 S5 A S BT

DOI: 10.12677/csa.2026.167243 86 THEYLRE 5 N


https://doi.org/10.12677/csa.2026.167243

it fEE

ScConvNeXt-Dual Block X3

e~

C2xHxW

DWConv-7x7
Cony-1x1
GELU
Drop Path

I

ClIxHxW

> Conv2d Down Down Down .
‘ Mmm o o }"

b
224x224x3 56x56x96 56x56x96 28x28x192 14x14x384 ﬂ Tx7x768 8

Down Sample

Figure 5. Improved ConvNeXt network
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Table 2. Experimental environment

2. LREER

ey i e e
CPU Intel(R) Xeon(R) Silver 4214
GPU NVIDIA Quadro RTX A6000
WAT 256 GB
GPU A7 48 GB/7k

CUDA 11.8

Pytorch 1.13.0

Epoch 300

) S5e—4

4.2. TEIEER

AT BRSNS 2 R R E A RBORG . ik, KBRS LR e R S A, R
i 80% M TR R, ook 20% 0 THEREVEAl . ERE I IR, HREAEAT A% BE B IR UIZREY
B I R Bt A 2 R ORI B b, T ORIEPF A 25 R A0 LM ST S . 5 8% DS 45 18 1)

DOI: 10.12677/csa.2026.167243 87 THEAR 5 N


https://doi.org/10.12677/csa.2026.167243

Pt L

BT HIgRd R 58 e o AR RS .
FERSTAVEREVEAN JT 1D, S HRAER 3 (Accuracy, Aco)ff N L EATEEAR, I LAWY of B AL A 1) )
AREST. HitF AKX T HR:
TP+TN
TP+TN + FN + FP

Hrf, TP (True Positive) &4 IEFAF)E A IESRHIFEAEL, FP (False Positive) &7~ £ 2 ) 7€ 4 IE SR
ZIK#C FN (False Negative)F/~ 5 15 8 N R HIFE AR, TN (True Negative) e n # IR 40 58 N 571251
FEAR . ZIBARRE PBEAR b I BB A 43 SR 25 I IE AR

AR, A VPR N ZRPERE , A ST — DRSS SR B EAT 73 BT « A SOR B AIE S AE R % (Acc)
i_?fg'm IO UEER R (Loss) BE AN T FE, HIEZEZ A Epoch AARAHIE FEHL/IN ML AR ALE B SR

A, FFLLEBNZARE BT T I ZRAC B i S A R S S50 B () A4

4.3. SEWERIH

1E EIRSRIG 4R, 4 EL AT G R IS ConvNeXt A RL/E IR EE b )42t B, JIREAEREM S 6 Fir
o Horr, [ 6(a)it R4 ConvNeXt B8, 5] 6(b) ASUHBIAY 45 5 . HHIEIAT RN, 7 DL - B 28 031
H, PRSI 1A 22 SRAEAIIER IR . FERIER N b, JERERAELE 3 R, S AR R R
IHSEAMERZR 5K FIKFEQR 5K): I, SRR SRR D 2 2 6, S aliRAA
BRSSP AR o« AE TR A S20M- B S, PR RLSS R th IR 7328, IR 45 R AR FF— 3L
HAEM 2L 3] 100%.

LA RE, UG ConvNeXt MEALFE S p HUH 4p RAE S5t R I SHARMERE, BEARHET R I F|
95.4%, WFHERIET 1.7 NE A SRR, P i ok S e B RR 7 SR T5 T B — e 8UR,
JCHAER T Z IR B A H A e ) EAR BT T

Accuracy =

Rt . 00 01 0 0 0 sorts 00 1 0 0 0 0
25 25
s 0 . 0 18220 0 O mugxsw 1 BEN O O 1 O O O
sEE 0 0 001 0 1 0 20 wem O 0 01 0 0 0 20
wawEm 0 0 1 0 0 0 0 s wangs 0 0 1 0 0 0 0 s
X% 1 0 0 0 0 0 0 xm 0 0 0 1 0 0 0
B 0 0 0 0 0 E o o 10 @ 0 0 0 0 ofElo o 10
mm 0 0 O O 0 0 o B atm 0 0 0 O 0 0 o M
8 0 2 0 1 0 0 0 8 0 1 0 1 0 0 0
0 -0
= = " = ®= i -4 i ® ® " = i i =7 E
i " = B 2 H = a i " = ® = H = {
ESS & 20 I8 K & ES = 20 iz S &
K i R il
= -4 =« -4
& k3
(a) i H ConvNeXt 4% ]S ¢k (b) 15 et B ConvNeXt W 4% [ S 48 5t

Figure 6. Confusion matrices before and after model improvement
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Figure 7. Acc and Loss curves of the original ConvNeXt network
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Figure 8. Acc and Loss curves of the improved ConvNeXt network
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Table 3. Comparison of experimental results for different attention mechanisms
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