<% 1E P8 Iifi B = IR = 1B eznsm

" JOURNAL OF XINYANG NORMAL UNIVERSITY (Natural Science Edition}

Rl A 22 [ B T R R 3 B AR T v
PR, FEHI%R, 1, FAT, 5K, R

FIHASL:

PN, F IR, T, FRAET, SRAT, S TK. RlE i T AN A (R T i 2 e T B ARSI 5 k). 15
FHUMTE 2B 4R SRR IT, 2025, 38(1): 59-65. doi: 10.3969/).issn.2097-583X.2025.01.008

SUN Yange, JIANG Mingyi, FENG Yan, GUO Huaping, ZHANG Li, WU Fei. Tea disease detection
method using fusion of channel and spatial attentions[J]. Journal of Xinyang Normal University (Natural

Science Edition), 2025, 38(1): 59-65. doi: 10.3969/}.issn.2097-583X.2025.01.008

TEZR R View online: https://doi.org/10.3969/j.issn.2097-583X.2025.01.008

FETT BRI HoAh S EE

Articles you may be interested in

— AL IR] ] AR 5 R 2 SUAR S IO M O U

A Mixed Network Text Sentiment Analysis Method Based on Weighted Word Vectors

12 FRVTTE 27 Ba 4R 1 SRBF M, 2021, 34(3): 472-477.  https://doi.org/10.3969/j.issn.1003—
0972.2021.03.022

— LT ICIESS DR M 55 S I AGH I AR 7Y

Real-time Smoke Detection Model Based on Improved SSD

{5 PHUM G 22 Be 248 AR BL2E T, 2020, 33(2): 305-311.  hitps://doi.org/10.3969/j.issn.1003-
0972.2020.02.021

FET i OGP RHE Bl 5 O RSS2 907 1k

Large Data Mining Method Based on Semantic Correlation Feature Fusion

125 PRS2 Ba2p 4 1 SR BFE M, 2019, 32(1): 141-145.  https:/doi.org/10.3969/j.issn.1003—
0972.2019.01.025

FETF 3B VS AR 28 R 25 147 ARz 777
Pedestrian Detection Method Based on Recurrent Convolutional Neural Networks

{5 BHITIE 2 B4 FARBRFML, 2021, 34(4): 655-660.  htips://doi.org/10.3969/j.issn.1003—
0972.2021.04.025

FET BEA LR Z R Bl 5 10 7 SR R 233

Green Apple Image Segmentation Based on Multi—feature Fusion and Random Forest

13 FRVITTE 27 Ba 4R 1 SR FF¥ M, 2018, 31(4): 681-686.  https://doi.org/10.3969/j.issn.1003—
0972.2018.04.032


http://journal.xynu.edu.cn/
http://journal.xynu.edu.cn/
http://journal.xynu.edu.cn/
http://journal.xynu.edu.cn/
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.2097-583X.2025.01.008
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.1003-0972.2021.03.022
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.1003-0972.2020.02.021
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.1003-0972.2019.01.025
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.1003-0972.2021.04.025
http://journal.xynu.edu.cn/article/doi/10.3969/j.issn.1003-0972.2018.04.032

{5 BHITIE K222 40 (A SR B 22 ) Journal of Xinyang Normal University
F38E F1W 202541 A Natural Science Edition Vol. 38 No. 1 Jan. 2025

DOI:10. 3969/j. issn. 2097-583X. 2025. 01. 008 XEHS: 2097-583X(2025)01-0059-07

MEEENT EESENNEMFE BiRal 7k

hFeFRT, HFOR, B &, LT, K OFH, R
(E ISR BN S5E B R¥BE, R {5 464000)

B OEeH REAMNETRETETSLEZFELER., A0, RETARESNK MEZEE LLF
TEFBRRKERTEMNFE, RET —HRs@ilfslEzEANF T REDFLN T H, AEFINEH. &
A mERN, B E.AHA E:é‘]é]ii%i]?]%%'kﬂl/\"fﬁvzéﬁ JEAAE AR B ERR RE T
B mP A R IIANFHNBEZEABRREARRE FF AL R AR AN TR BEAER
#%wuim o WIRLER—A AR EE AR ~+Hmfr1#%4iéé§1ﬂ£% RV T AAS B SR A ST
A, FHERAN.ZBOABEAFRZTREZEHNAR TR ELMN T LR AR ETH MEZBERPE XL L

LR
K FrRELN; B AR BEERE A EREE A B ERS
RESES TP391. 4 X ERIRAD: A FRZE (ZBRERS)FRIZE(OSID) : &

Tea disease detection method using fusion of channel and spatial attentions

SUN Yange™ . JIANG Mingyi. FENG Yan, GUO Huaping, ZHANG Li, WU Fei
(College of Computer and Information Technology, Xinyang Normal University, Xinyang 464000, China)

Abstract: Accurate and rapid detection of tea disease is of great economic significance to the tea industry.
However, the problems such as scale variation, mutual occlusion and complex background of disease-affected
leaves greatly reduce the prediction accuracy of the detector. A tea disease target detection method. integrating
channel-spatial attention, was proposed to achieve accurate and efficient disease detection. Firstly, the
multi-layer self-attention mechanism was used to extract multi-scale features of tea diseases to obtain local detail
features of tea images at different scales. Secondly, the new channel attention module was introduced to extract
richer channel information. suppress complex background noise and enhance the ability of model feature
representation. In addition, a new spatial attention module was also proposed to further extract the spatial
relationship of features, reduce redundant information and optimize computational overhead. The experimental
results showed that the tea pest detection method with channel-spatial attention could cope with the challenges
of leaf scale changes, mutual occlusion and complex background.

Key words: tea disease detection; object detection; channel attention; spatial attention; feature fusion
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Fig. 1 The fusion of channel and spatial attentions for

tea disease detection network
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Fig. 5 Six common types of tea pests and diseases

a:

a: Tea algae leaf spot(Als); b: Tea cake(Tc) ;
c: Tea cloud leaf blight(Clb) ;
d: Tea exobasidium blight(Eb) ;
e: Tea red rust(Tr); f: Tea red scab(Rs)
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Tab. 1 Performance comparison of different test models
LT P R Fl mAP
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Fig. 6 Visualized detection results
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Tab. 2 Comparison of different disease detection mAP
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