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Table 1 diseases’ characteristics in tea leaf
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Fig.1 Disease samples of tea leaf
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Fig.2 The network structure of CBAM-TealeafNet
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Fig.6 Accuracy curves under different learning rates
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G R R S USRS AT R

*2 RAEZEHMRBLER

Table 2 Results with model structure optimization

TRITE - s wwk P BHE RLOPY
nlzethods Param settings Accuracy/% Score/% Parameters  10°
. 2,2,3,2,1)  96.14 96.01 2.94x10°  0.30
ﬁ;’ig%";k (2.2,3,2,2) 9616 9601 374x10° 033
RCd/LtllCC bneck (2341 96.40 96.08 3.01x10° 033
structures (2,2,3,4,2)  96.44 9624 3.81x10° 036
(2.2,3,6,2) 9655 9648 4.22x10° 042
1 97.11 97.12 3.13x10° 043

et
ﬁgg H 9852 9845 3.14x10° 044
Adjust fusion 3 9870 98.67 3.16x10° 045
layers 4 98.74 98.73  3.34x10°  0.47
R 0.5 97.70 97.66 3.15x10°  0.43
A il 1.0 9870 98.67 3.16x10° 045
6

Adjust fision ratios 1.5 98.49 98.46  3.18x 106 0.48
2.0 98.19 9817 3.20x10° 050

#: FLOPs, éﬁ@.ﬁ(’ﬂéﬁc
Note: FLOPs, floating-point operations.

Dk — 2 i R AR R AE S8 P T RN 55 T ) e (R 4
1, SANFSSFREERFERL & 220 R ) CBAM-TealeafNet
B AT S R 2 v g0, BERLG EHE NS 80E
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A FLOPs B %, MiHERFRTHIRE R R, MELELL
1, EH03 #EmREE 7 1.69 NE A, SHEM FLOPs
BINT 0.95% 1 4.65%. LA, BEALEAR B 2 EU0
BN YR RN W A T, B I 3 0 R Ok 1 AR
MU R S GBS HEIL K. 4 2R R
BRI S HCRAN T 3 E N &, S5 20 e AT AN TR
FERFIERL & ZE0R 3.

TEATUSR R FE R Al A i FE rh, AN (R AT R R
fEJETEH L) T BRI R AR 2 S, N e e
FLEER LG, HHEKE N 05, 1.00 1.5F12.0, F1E
] — MR _F g &% TR bR AT X L. B R 2 TR IR
RN VR FE R E I8 L 1.0 B, RS R o A 2R A )
B, WOOE SRR Bl A s 3 TE HOR A
2.3 RBNSLRIER

R USIE AR ST RN TR B R AR A A L () A U,
CBAM-TealeafNet 5 MobileNetV3. H it /F 4% & 2R
TSRS DL K 2 i T R A ASE 2 AE 5 s S A dE 4R kAT
i, [EIEF, AR CBAM Fll Focal Loss X A5 7 f 32 T
ROR, 505 HRHE Al & TealeafNet fEXT b o ik 4E
EAREVE FERRAT e gE RN 3 FioR.
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Table 3 Performance comparison with different models

VR X Hhx
pow  TEOREORIRE HEE L oo BEE FLOPY
Accuracy/ Precision/ Recall/ 9
Models % % % % Parameters 10

MobileNetV3 96.55 9645 9652 9648  4.22x10° 0.42

Moﬁfﬁﬁ;ﬂn ) 9481 9482 9473 9471 7.50x10° 024
LMA_CNNs™ 9778 9772 9775 9773  128x10" 3388
VGGI6® 9734 9740 9732 9732 138x10° 1548
Aﬁzﬁi}m 92.13  92.18 91.94 9198 1.70x107  0.18

2.40%10"  0.80
3.74x10°  16.27

1.26x10"  11.58

LeafNet! 97.19  97.11 9721 97.14
MergeModel" 9756 97.61 97.64  97.60

SE-DenseNet- g0 15 9g14 9810 98.11

FL[IS]
TealeafNet ~ 98.06  98.02 98.05 98.03 3.05x10° 041
CBAM- .

16x1
TealoatNet 9870 9869 9867 9867 3.16x10° 045

MAKKE, CBAM-TealeafNet iR H R LT, ik
B 7 f i BT B IR HERRZE 98.70%, F1E M T HAh
BERl, 9 4%, CBAM-TealeafNet ff) FLOPs 4 %} T
MobileNetV3 1 T 7.10%, N 4.5x10%, J& [KI7E T 47k
AR BRI RS 3N T i E & A, AR SCHEXN
I3 2 45 1F A MobileNetV3 3205 HATH, “FIiR
FIUERZR . KSR A 02 A F1-Score 4r HIFE T T 2.15.
224, 215 F 219 MNAD s, SHESRW T 25.12%, N
3.16x10°% FHk, 7FEH b B R B A d, MCA-
MobileNet %4 2 #U & ik, HHEMEFHREAR, KT
95%. 1M LMA_CNNs FE{ERf AR 811 07 A A A2
SRIG, RSO (PR AE SR B AR 0 3 o Ath 2% b 5 iR
R, HERRMSHE T MAAE e mB . &E,
CBAM-TealeafNet 7F Jii TealeafNet ) FLfit FHE# R 5
T 0.62 NE %, FH] CBAM H Focal Loss W i 42

RCRERT A T RWRAER . 22 EATiA, CBAM-TealeafNet
S5HABRMELI AT, BRAS T HomrisE sl = .

I3 AT B 6 B AR TR AR MR B iR IR B, R
HEH AlexNet Fll LeafNet XJ 37 ¥ i U B4 15 5t 2 772 1E
oAt AR, B HG A i E R A 2, 5
25, SE-DenseNet-FL A7 i R AL A 22 M g
B, ViR G2, fEtk 2, CBAM-TealeafNet
RN AR AR, BRI () ] 5 s A s 52
Wi, A5 MR 1T B30I

T B AR SORRE BT S 50 388 44 A/ U 0 1R R
U R A EURAE MR R B AL AT 3 Uk . 1% 4R |
SE U HERR N 98.30%, HiH = S Ak i R R
AER R IAK, (EABTE 96% LA Lo BT 28 R 7R 22 93 0 3
R b B B LA BN LA, 8 B X 380 4
SEAER, HARMERR RN 99.75%, K32 E5M .
W, /0N DX I TS 24 T A AN 5 M) AR SCASE AU 56 25 I 5 AL
ARG
2.4 HEARAIE

AIGE Focal Loss 151 2% bR BB 14 BE IR 42 3R
PRACAS [R1E B IBEHO UU P RE 2 MR, 4o Sl 0 58 SUA o
HORN £ S R bR B T AN R = IR R ) TealeafNet
AR FEATXS E, RIG S5 R WISk 4. AN A2 X R L Focal
Loss Aeifr RARAAE A LR F TR F : 1) 0 34
PREE TR B 28000 o LEAS P 25 s DA R B OF AR AR
BB AT AR EREARBEAR, 5 K E G loss A4
PoEE, =8 X R B B AL 7 A I 2 s 2) 7
MEPEIANE o 2 U ks FH 23 75 P B 9 9 2 X438 114 A B
PR LS 5 B AR B B R ST/ A 3 SR IR LR e
TARAIMESE . Focal Loss AHE T4 X ik ek 0nT DLd Ik 1 4
1B 2 H ek D 5 R S AN 2R I 45 2 4y RFEAR I b Ag], I
TEUNZRI SV HME LA Ay RIREAS, BN B A R A A 7 1A o

T4 AEHRELEEFFE NG TR

Table 4 Performance comparison under different loss functions
and attention mechanisms

RSN

gy LR g g  gEs .
Loss functuins cntion Accuracy/% Precision/% Recall/% F1-Score/%
mechanisms
SENet 98.06 98.02 98.05 98.03
Cross Entropy ECA 98.28 98.30 98.13 98.19
CBAM 98.65 98.59 98.62 98.60
SENet 98.24 98.21 98.15 98.18
Focal Loss ECA 98.59 98.51 98.68 98.57
CBAM 98.70 98.69 98.67 98.67
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Recognizing tea diseases with fusion on 2D DWT and MobileNetV3

HUANG Lyuwen'?, GUAN Feifan’, QIAN Bo!, HOU Hongyao', LIU Yingging®, LT Wenmin®

(1. College of Information Engineering, Northwest A & F University, Yangling 712100, China; 2. Shaanxi Engineering Research Center for
Intelligent Perception and Analysis of Agricultural Information, Yangling 712100, China; 3. College of Horticulture,
Northwest A & F University, Yangling 712100, China)

Abstract: Diseases have posed the serious threaten on the yield and quality of tea production. An accurate and rapid
recognition of leaf diseases is essential to the instant diseases prevention of tea plantation. Deep learning can be expected to
realize a rapid and accurate identification of tea diseases in natural environment with the advantages of low cost and high
efficiency, compared with typical disease diagnosis. However, the previous models have much more parameters and
computational complexity for the leaf diseases diagnosis. Furthermore, the lightweight models cannot fully meet the fine-
grained feature extraction. In this study, a disease recognition network (CBAM-TealeafNet) was proposed to extract the
frequency features by the 2D discrete wavelet transform (2D DWT) and depth features by the bneck structure. Frequency
features were then decomposed to suppress the high-frequency components. The fused feature module was used to reduce the
impact of noise on the features for the features enhancement. CBAM (convolutional block attention module) was embedded to
improve the feature extraction capability in the bneck structure. The weights were allocated into the feature channels and spatial
position features of diseases. The function of focal loss was employed to replace the primitive cross-entropy loss, in order to
better resolve the imbalance influences on sample class for the high accuracies. Totally, 3, 260 disease images of Shaanxi Tea
No.l and Longjing No.43 were captured, including five tea disease categories: gloeosporium theae-sinensis miyake,
colletotrichum camelliae massee, cercospora theae breadade haan, exobasidium vexans masse, and phyllosticta theicola petch.
The real environment was also simulated to evaluate the datasets. The images were then enhanced. Experiments were carried
out to validate the optimal model structure and the improvement analysis of each component. The model was optimized for the
hyperparameters setting. The final optimal learning rate was 0.000 5, which was derived from an initial learning rate range of
0.000 05-0.005. In addition, the whole recognition structure and the base model structure of MobileNetV3 were optimized to
determine the optimal number of fusion layers and the fusion ratio on frequency and depth feature channels. The results showed
that the CBAM-TealeafNet model was achieved in the higher accuracy on the tea disease recognition, compared with the
previous models. The number of parameters was ranked secondly last only to MCA-MobileNet model. The CBAM-TealeafNet
model increased the accuracy by 2.15%, whereas, the number of parameters decreased by 25.12%, compared with the
NobiNetV3. Misidentification images and confusion matrix indicated that the CBAM-TealeafNet shared the better performance
to highly distinguish between foreground and background, thus greatly improving the situation of disease confusion. In
addition, the functions of cross-entropy and focal loss were compared to verify the accuracy of recognition on the dataset
imbalance. Moreover, the CBAM model performed the superior to the SENet and ECANet, in terms of performance
improvement. The CBAM-TealeafNet was employed to recognize the tea diseases. An accuracy of 98.70% and a F1-Score of
98.69% were achieved with the parameter number of 3.16x10° and FLOPs (floating-point operations) of 4.5x10%. The CBAM-
TealeafNet can be expected to effectively identify the diseases under the complicated environment, particulary with the
characters of less parameter memory and higher inference speed. Misidentification of CBAM-TealeafNet will be reduced in
future investigation. This finding can also provide a strong reference for the model construction on the recognition of common
tea leaf diseases.

Keywords: diseases; image recognition; tea; 2D DWT; features fusion; CBAM; focal loss
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