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Cotton Disease Detection Based on Feature Enhancement and Group Mix Attention

WANG Hongqiang,ZHAO Hui and JIA Zhenhong

College of Computer Science and Technology, Xinjiang University, Urumqi 830049, China

Abstract In order to achieve rapid and accurate detection of cotton diseases in real field environments, this paper proposes a cot-
ton disease target detection model based on feature enhancement and attention mechanism. To ensure the accuracy of the model’s
detection in real field environments,an improved feature enhancement module is used in the Neck module to weight the feature
maps and reduce the interference of background or other objects on the targets in the image. After the feature enhancement mo-
dule,Group Mix Attention is used to connect contextual information and enrich the feature map information. The proposed model
can effectively improve the detection accuracy of models in real field environments, effectively reducing the occurrence of model
false positives and false negatives using SloU loss function. The experimental results show that the proposed model performs well
on the self built real field environment cotton disease target detection dataset,effectively improving the detection accuracy of the
model in real field environments. Compared with the baseline model,the mAP and Precision have increased by 2 percentage points
and 4.5 percentage points.

Keywords Cotton diseases and pests,Small goals,Feature enhancement, Attention mechanism, LLoss function

_— B A AR R O R AN i 8 B TR P - s BE G A L R
R LUK BEHEAT 43 28, A0 30 22 P . 4 R BB A5 ORG B 1 A DU
UEAE R, TSR HLA S 7 A ol 4535 (v g Y % 7 A L SR A YEY L9 3 8 Bl 1 5 A 24 700 5 RS o it FH R 24, O
PRI AR AL TR R S . B A T T B LA 4R 1Y F R T A . R UL, AR 2 B N R R K B
—IUOCHEBAR T X SR i B AR #EAT B AE L. BAR A4 AR B F VR 95 oR 5 K I 45 1. 2 4 . Syed-Ab-
I A 2B 43 S T b 2 ) ARG T A - — B B A A T 2 Rahman 215 (i | Faster R-CNN H #7546 3 4 280 58 i, 17 % fif
Wb B B AR 28, —J7 i, YOLO™ , SSD, RetinaNet™? , B ST R ACE AR, SR AE RO ) PR oh L R SE B
EfficientDet™? , FCOS™ fil CornerNet'* &5 — [ Bt B 7 16 1 #% EE A BEAATE S S B 44 W R & AR B DA B 44 RS
DA H AR R g ARG 00 S T VR 4% Ay S B A B AR R Y 25 S M 26, sk S ) R AT B 4 R R A JRY 4 ARG T M BE L T A
—J7 M. P B BB bR KW 2%, 4 R-CNN'Y, Cascade R- 1SR 2 2215 BRI RIUA 18 3 — 5 I E A4

i

CNNFT, Fast R-CNNM Il Faster R-CNNT, 7 52 3R g A6 I A R TN X ik B B R BIFSY N B3 T R 1 X S L [R) BR 4 T
JE 7 T B A 0 AE T REA X BN B H AR A R AT BT 5, LA A AR BRI T 4R B F i

ok S RS SR % DK I G 0 A R RIORS BE L B AR SC L (RO B AR X AG I A A A U L DA T B B R A
FI S AL AR REARAS I 0Bl A 0 N D AR . 2k T IR 2 ST BRI R 2R IR BT A MR AR . S T () BR BT T B R L R A

SEATE . [ X E SR (2023B01032) 5 6 5 2 KR4 % TR (20222D0115802)

This work was supported by the Key R&D Projects in the Autonomous Region(2023B01032) and National Science and Technology Major Project
of the Ministry of Science and Technology of China(2022ZD0115802).

HAEVEE % (zhaohui@xju. edu. cn)

250200043-1



Com puter Science TTHHLEIS  Vol. 52,No. 11A,Nov. 2025

YEY A A . 723X 26 R R0 A& AL AR /N B % 8 1
97 BE A B AR AR I R T B R R A

— SRR O SR F 2 RO AR AE Al Y vk R R A
TEZR7R G AR 43 9 23R 43 FE R RRAE GO0 5 LA 3= 5 4t 4y A
T SAR R, ARG X G 09 AN TR)RBE R/ INAE AN ] 2 9K A T 4
D T R R B A A RN H AR S S0 R AR A T A )
B, AR SRR 0 BEAE LAY SO 1 SURE Y R] A RS
BEAN A TE VR A B A AR R . 534 E 2SN
B TR e g 5| A5 R 2 7 AL I B OGR4 4R B, T T
T8 RO R T B A ROBE AR AE A AR, {19 4% 7 AR A5 R ) R F R AE
B B G iR LR G s DA HE — 25 5 A0 0 G RRAE L 41 v A6 1 199 1T 55
HE 9 B RE 1. W0 T /N B BE LA (Bl S0 1) 0 BE 45 5 R
G RIS AG: P 10 B, SR ER T T R T ML o R O T R R
X35, LA 43 X B B B 2 0, 5 BRI B bR R 4 bk

B3t %t B AR AT 55 1 T R AW, Bl n 25 45 H
FRAG T AN /NI B BR AT BRI NS Ik S Bk S T B 22 BUAS
TR ACAMEMAFEERRESR ., AU T
e EE S AR PR T T AR AE T R R E FLSE H R SRR
B TN R 5 i . L S L () B 5 e 04 04 A AR TR L A
e % 55 R B Y L B I 0 BE 5 7 R (R 8 o b
W R SO AL R — 5 kR A TR e 4 5 O B R 22
SRR, T ks R, AR T — A YOLO HE 21
AL 5 26 R 00 A AR, 2 A AR ) T A WA FE b 4 R L
BB RSO R E) o FRATE I AT 8 R
A T Ty WA AL R AT T B R gk A AR B % Sy 45 il 2 G 3
T ARE ARRAE . T S e A A TS A 7R R 22 A B P RS
BT . ASCH TN

D — A~ E A 5 4% JE] 8 5 00 B A2 3 R e 4R
Hom s 4 RSB RR AR S 20 2 A R 2 RO IR
KT R EMBTIE,

D TERE A P 7R Group Mix Attentiont™ F1 45 fiF 44 5if 48
B (FEM) 3 3 #5126 pR 8. Akt YOLO BEAL, gl /D iR 46

3) SRV L FRATTHR B 09 v A A A 4 s
LT 90. 4 %6 (ARG B B A 86. 6 % (1 mAP, MERE B 5. LT
FUAb S 8 0 A A 0 A AR

2 MHXIE

AR L T X0 5 % HH (] 3R 53 T H A e T 1) B 5Y 3 2 Rl 4%
FEAE AL L 22 RO R AF AlA R R AL = R BR T 1) J I
R, HTREEMREREC) TR BRSE 50X 068
77, T T AE AN Deng 2515 B3 T — A 44 0 5 A &0 B85 B
(FTT) RYBiBEs, F T 8 A A e AL I [ B 42 BT 4 iy IX 3l 2
A0 B Sy PR A ZE AR ML) AL 3k RO 40 Y e L O BT
ST - T e bR B L 28 R AT sORN S S I B O SF- A 7Y [R)
B, Li AEUY S BN SRR 2 A R A A TR 46 Bk
H B8 5 AF 19 26 78, 3R 51 A SPD 4 FRUAL g 451 e, $2 T 45 B0 RF AiF
AR 1, R ETIOU 4 2% oR B0 11 St B2 v i 0 8 4 2%
XTI AR SO IR R B A E T S 5 1 S A Ok
BB B IE s B = N Mz s A R IR,

Fe T 2 RUBERRAE AR L7 1 R AR TR ok B b5 RUEE 22 7 [A)
B, Jing SEUOHR T — R ZEAR A B R ORI /N 0 A 0 5

W 3 R AT S R T R I SUME B RVERE R L IR AN
T JER RIS e A 2 B MR 1) S 1) R A S A AR L R T R Az
WP, $E T TR A TE R AR A L N R £ AR A8

H T R B R B A R 22 5 R H bR 4 B AR/ )
B, Gao PRI T — A2 R ERHAE & F 8, 0 T & %4
TEAS B R AR . FE o D ik 2 AR 0F B SRR B, ke 1 38 R
AR LB 1R SCME B AR B, 02 4 TR R 4 T R A 1B R 2
FIfR B R /N B AR A 4R 4t T 5 W BUR AR . R
R T AR TCRAE B A R T IR — 2 ) S A [ S T 0 4
HEA B . S 5 a1 I R E 2 TR X 55 R AR R E A
5082 1 SCRL A R T8 4 S5 )R, LA R AR A% 1 3k AR v ik
mESER,

HR IR0 7 L E TR TR AR B BB ) . Ma 500
A YOLOvS-lotus 75 3%, AT CA 5 J1 HLHI il 3 25 18] 1
B T R 0 s R 3 R A 56 R L AR TR A 3 A R
FE 0% 5 4 b 52 TR S 30 A MG R AR L RS B AR D
B AR A9 Or B 5 B, S5 B0 K IR B RS B 2 A7 T, Song
SFUIRI T — R T 2 N R A E R S A FE L ad 2 R
BRGERANELZNEER EEE KM L AN E RS2
AT 2 L B3 T R R 2 R IR S B> T s B T
. Huang ZP75@ 5051 A ECA &2 A7 HLH 458 H AR 19
B RRAE A0S G 1 R A5 IR B W B v Oy KO ik
PRAT AR BN RE S7 . 0 /N B bR RS ) R A T T HL
D FEAE S 2 B - 2 R TE R T B 32 SR 2 S T e 2 S i/l
FIARBE 1 BAERE 1, Bh B E SRS B br R & B
NE.

LA 7 6 R A S v It BT R L B B R A
B I AS B PR AR 1) 2 H bR 5 T R SORE R
AR HIAL ] 5 06 5805 2) 22 RO R AR Rl i A b, /0N B 1Y) G
AT RF SR 3) T A S ML /N B AR B 5 RS K H AR
TRAe i 25 2200, HOT SR A Ok . 7% SO %3k 2 ] 1, 4
A REAL IR A TE T 7 (GMA) 5 R A 38 58 45 e (FEMD 14 2k
HEBTRL, 5 e 4 T 2 PR AR TR T A £ e

3 AXFiE

3.1 Bk

YOLOM & —Fp 5 8] 5 (4 B 9 5t A8 57 k. i 3 4
F B A A IR R Sk . R AR B A B ) 6
Fi, E Tl d Focus,Conv, C3 F155 [A] 4 F 3 ith (SPPF) M F
G PR BUR URRAE . SRT X S RRAE 5 0 FH , B T 4RAE A
FIRIL ST 3R T % R/ BAR KM B AR 9 3E ¥ . Neck il
ot FRAE 4 7 55 W 2 (FPND Rl 4 P IS TE B I M 48 (PAND G £
GURRE R , LA i AR AE SRR BE 7, F W AR IE R B R E R
i R R AL i B 3k 3 . Head 38 i3 NMS 33 38 i1 R L
0t 0 FHE B A I 1) 2 A S i 26 i X G ARG T 5 SR, 3 A
2 ROBE R S s 6 YOLO fig i Ak ¥ 45 Fh K /N & 44 3 56 AN
H b B e L A 3t 58 B H AR AR AT 55

TEAR A6 7 5 B8 42 p U A2 20 R v, R BT AR AE R AR
HRYVE 22 10 G0 H BR X RS RS R AR B A R0 A
AR DI LA B s 22 ] A . FR AT AL A YOLO-
GFM 7E 5 %785 55 T 60 WA A6 95 3 5 DL ke s 26 [l R, 4n &1 1
iR . TATETHH Neck 2 ¥ C3 KBS Group Mix At-

250200043-2



B R A AL TR AR5 R AR 1R 5 R T A A R A DU

1
1

> Conv —»<_ Concat__
! p

Conv —Pi C3 f

Backbone ! Neck

/#/
/Upsample/
’ vy Conv
L»— Concat > o
i < Concat_~ C3A FEM »  Conv
i
1 Conv Clom
/Upsample~—»<__Concat C3A FEM »  Conv

P54 K BRI, (04 7R BE 65 4 AR B 22 OC HERRAIE .

C3A FEM > Conv —» Detect3

Head

B 1 YOLO-GFM #i7d

Fig. 1

3.2 Group Mix Attention
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Fig.5 Image examples of cotton disease dataset
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Table 1 Details of cotton disease datasets
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Table 2 Comparative experiments
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Table 3 Ablation experiment
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Table 4 Comparison of model scales

Model Parameters GFLOPs  Precision/ % mAP/%
YOLOv5s 7.03X10° 16.0 85.9 84.6
GFM 11.19X10° 23.7 90. 4 86. 6
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Table 5 Comparison of attention modules
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#A Precision Recall mAP
YOLOVS 85.9 81.2 84. 6
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Table 6 Comparison of feature enhancement modules
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Table 7 Comparison of loss functions
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A Precision Recall mAP
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Fig. 7 Comparison of test results
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