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Abstract:  As a globally important food crop, maize is vulnerable to various leaf diseases that affect its yield and
quality. To address issues such as blurred edges of maize lesions and difficulties in small target detection, this study pro-
posed the WPM-YOLO11 model improved based on YOLOv1lm. The model introduced a windmill convolution module to
enhance the ability of edge and directional feature extraction, and designed a multi-scale enhanced parallel attention ( MSE-
PA) module to improve the efficiency of multi-scale information fusion. The constructed dataset included maize leaves infec-

ted with brown spot, common rust, southern rust, mosaic disease, northern leaf blight, gray leaf spot, circular spot, as

well as healthy maize leaves. The results showed that the

Wies B #7:2025-06-18 < . . .
ESTNE . 5% F AR 4 T (2023LHMS06017 . 2024LHMS0- mean average precision at an intersection over union
6021) s [ 1 SR AF2 3 4 1 H (62061037 31960494 ) ; 1y (ToU) threshold of 0.50 (mAPg,) and the mean average
Sl A KR O T H (2020GG0169) ; 52T B precision at ToU thresholds from 0.50 to 0.90 (mAPx,. ;)

14 X B TR LI 20212D0003 ) of the WPM-YOLO11 model reached 93.7% and 78.5%,
VEB A 5 (1998-) | 5 3T Tl B, B AF 55 4=, BIF5% 05 1l respectively, and its overall performance was superior to
AERGR 5 8RB {5 BALHE , ( E-mail ) easontown @ fox- that of YOLOvllm and other mainstream models. This
mail.com study provides a technical solution for the intelligent iden-

BIEE : LB e, (E-mail) jiangch@ imau.edu.cn tification of maize diseases, and is of great significance for
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disease monitoring and precise control in smart agriculture.

Key words:

TR EEWREEY Z—. TR
KA, K5 32 Z R0 3 3 = e, 7™ s H
PR TR EMREE R EES
FEAEARAL, N THUMNAFERCRART R 2 55 1)
B UTAR R Ry S T ORG E UUR R AE
T, 3T R VE P05 35 RN A 78 72 i 24k AR
RV A AL FE AlexNet'™ | CoogleNetm _ResNet!” |
MobileNet'® Swin Transformer'* %5

YOLO 5455 R GE A8 Hoviig B i B i | 92 k5
RIS B = SR, BTz T AR AE Y HU IR
%, Timilsina %' 7F YOLOvS BRI 5] A £ R
TR HLH S e A e o 1 % F oKl R
Hh N SE DI R BE 7, - X4 B M (mAP) 35
91.3%., Meng 55" 4 # 2 FUE ] 28 46 L ( MK-
Conv) 45 ¥4 5 1% $E P #% (SK) T & 1 AL, 2
YOLO-MSMAEHY 2 A6 HY 75 1 5 85 5 55 DR B A6 1)
PRI . Li AP BE T YOLOVSs B8 B 5] A
Ghost BLH R RERUATUESAE % 9. 6 MB, [R] B fiff IS
WA A5 F5AE 91.7% ., Nakatumba-Nabende 25"
B YOLOv10 #iAI 454 Transformer 454 5 0] i B A
TATRE (XAL) , 52 BT R Y b DX 8] 3 229 3 14
HEPU PR R i T E  F s i

YOLO ZRAEAAE T A AN Hh B U5 %
REIAU A TR AR E X RN H
() 2L ARSI RE 0 A M 5 BB P i 2 SRR T TR A A T
A R T R RIS IRE ) DGR . AT SE SR
AT YOLOVI Im 1Y RRCHESTVE | 8 o B SR B ¢ 58
JERSX /N AR RE Sy , 2T HE R 22 RO OB RHE
ARSI, DAS I K 229 3 RS TR
1 ARSI
1.1 HIEEHE

A 5T Bt 8 HE 4 Sk U T PlantVillage |
CD&S'™' Kaggle MITEYIR FE R E, 2B ERE
BHIIR LR . R Labellmg T H.Xt L 45 A
TARE . W15 1 Fn 3 THEE Z e i 5
PAEE AT VA% e NS L R A i Ay O R
PEATYHG . B AR p s AR 310 580K BIR
8 1+ 1 IR A U ZR4E (8 4645K) (Ko l4R

maize leaf disease; object detection; YOLOv11l; multi-scale feature fusion; attention mechanism

(1 0585k ) Al X4 (1 0585K) .
F1 HREESE

Table 1 Data augmentation methods

KTk S8
iaa. Invert 0.5
iaa. Fliplr 0.5
iaa. Multiply (0.8,1.2)
iaa. GaussianBlur sigma=(0,3.0)
iaa. ContrastNormalization (0.7,1.3)
iaa. Affine  translate_px ) ["x" .15,y 1 15)
iaa. Affine  scale) (0.8,1.2)

iaa ; PSR S8 ; Tnvert : F2 % ; Fliple: 76 47 BHA% ; Multiply : 52 BE R (1R
Feik:) ; GaussianBlur; % 397 5 4 ; ContrastNormalization : X1 HG Ji i % ;
Affine ; 15 51 A8 3 ; translate_px ; {8 Z 45 ; scale . 4 i LU 5 sigma - R fE
Zsx A YA,

W 2 Fron AR WFFE A B BE 4R 4055 8 1A
18,53 3 0 S e A B | 30 5 9 T A AL
T AT B BEA | BB 1) K I S fit B
TR Bl ofe 5T FC S H R BR B, 25 2501 B4
A BESE B F RS R 0 A AP filn, B
Fr LB A H AR B2 10T E T i R B
B HEOKR,
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Table 2 Dataset information
REEESill P88 (5K) B TEHER R ()

e BER 3225 23 616
He i 1314 6 648
T 469 40 473
AL 1137 10 746
e At 2 076 4 401
IR BEIR 1368 14 928
B3 S5 1711 13 061
f R 1098 6 864

1.2 EXRMAEHFEFIRFEE WPM-YOLO11 5%
1.2.1  A#AEA YOLO FRFIAHAY PN Hov 1) v 4L )
SRR RE , 76 A M s o U S AR 2 T
Tz, AT RIARA, YOLOVI T BRI 35
SR JEIE— ARG, X 2 RUEE B A 1 R AR 32 B RE
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Table 3 Comparison of detection performance of different YOLO models for maize leaf diseases

YOLOv5m 81.8 79.4 84.6 54.6 363 22.18 53.1
YOLOv6m 76.1 73.9 78.4 47.0 297 51.29 158.8
YOLOv7m 85.0 84.0 87.5 58.6 415 37.20 105.4
YOLOv8m 84.4 86.3 89.6 65.1 319 23.27 68.1
YOLOv9m 85.4 85.4 89.3 65.0 627 16.78 61.4
YOLOv10m 80.0 81.2 84.8 56.4 498 16.58 64.5
YOLOvIIm 85.2 86.1 89.8 66.3 409 20.11 68.5
YOLOvI2m 80.7 82.0 85.5 57.3 292 20.20 68.1
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Fig.2 Structure of the windmill convolution module
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Fig.4 Pixel attention mechanism, channel attention mechanism and simple pixel attention mechanism
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Fig.5 Variation curves of precision, recall, and the mean average precision at an intersection over union threshold (mAPs,) for the

2.3 Windmill convolution &5 MSEPA =ik

WPM-YOLO11 model
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Fig.6 Practical detection results of the WPM-YOLO11 model for maize diseases
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Table 4 Comparison of detection performance of different deep learning models for maize diseases

Faster R-CNN 49.4 70.3 63.9 31.3 40 136.90 402.0
RT-DETR 82.1 80.5 84.7 51.7 681 32.97 108.3
YOLO-SDW 78.5 80.0 83.6 51.7 327 42.90 47.2
WPM-YOLO11 91.5 90.8 93.7 78.5 367 45.86 151.8

mAP sy : 38 FLBE R 0.50 (3545 BE359ME s mAPs . o5 : I HLBIE A 0.50~0.90 A-F- 2 KE B X1,

FROE 42 CE A 38 /E . 55 YOLOvI Im B #YAH
b, YOLOv11m+MSEPA B mAP 5 mAP, o 5%
BRSNS NE A 2.6 A A KRS
[l 853 BB 25 0. 4 AN H 43 s50R 2. 4 ASH 48, R
ZREHA AR T T BRI 2 R 5 SUHLRAAE 1 3%
ikHE T ,ﬂﬂ‘%&iﬁﬁ%o [F 5] A Windmill con-
volution I HLFI MSEPA #i8(1) WPM-YOLO11 %!
PERERE, 5 YOLOvI Im #EHUAH L, WPM-YOLO11

BEHL mAPg,  mAPs,. o5 73 1 2 85 3.9 A1 43 s
12. 2 D E 58 K % 5 E R4 54 5 6.3 4
BN 4.7 A Ir s, B8 WPM-YOLOTT 4%
RSHem 53 Ais TR HER5 % E A A
g, HIt B @ 7e l & Z W BN, 4% b, Windmill
convolution 5 MSEPA #& B 78 4 ik £ BN 25 [B] J8 1
T3 HEA B AME , 35 D[R] AT 3 B AR A A
K5 E R,
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x5 HEAKEER

Table 5 Ablation experiment results

YOLOvlIm 85.2 86.1 89.8 66.3 409 20.11 68.5
YOLOv1 1m+Windmill convolution 85.3 86.7 90.1 66.9 365 31.11 147.0
YOLOvl1m+MSEPA 85.6 88.5 91.3 68.9 321 34.58 78.0
YOLOvI1m+Windmill convolution+MSEPA 91.5 90.8 93.7 78.5 367 45.86 151.8

Windmill convolution : WZEHR J5 8] 4 FH s MSEPA « 2 RUEEHE IR HATHE R ST s mAPy - 38H LB > 0.50 (- 350K BE B ; mAPsy . o5 - 3 FF LU BB Ky

0.50~0.90 Y F-HG EEHIME

2.4 YOLOvllm #%5 WPM-YOLO11 #& &3t &
K & TR E 4 M EBEXT EE

W& 6 7, WPM-YOLO11 KB £ 80 £ K9G
RIS FE A 5 Th o BE R I 2 L) Y 4 2R
5, 5 YOLOv1Im HBiAUAH L, WPM-YOLO11 #& %!
mAPs, . ¥ T 22.5 1 H 43 41, R W] Windmill convo-
lution BEHIETR | ih 4 5 SOHRAFAE SR ERGE 77, X T
GG B A 58 25, 5 YOLOvIm A
ARIFA L, WPM-YOLO11 8 mAP . o 42 11.7 4
A 53R, R W MSEPA B HUA RO 8 T 25| 5 EF
SCRHEAARRE ST X TEREM Fr, 55 YOLOvIIm #5
R EL , WPM-YOLO11 #5 mAP, mAPs, . o5 53 51l $2

w3 VAN E S 10,6 ASE S L KT IRBERRE
AL KBER AL R %, 5 YOLOvI Im
REFRUAH L, WPM-YOLO11 #5145 101 1 BE 48 A 1) . 3%
2Tt AEMHRTE oK R E RS IRES, 5
YOLOv11m BEIUAH L, WPM-YOLO11 #EE! mAP,, .,
2Tt 16. 2 A 73 R E S VERRIE S Y\ n]
SER BN RE T IR o X T SCBRIE AT P K B 5 0 B
BRAAC A, 5 YOLOv] Im YA HE, WPM-
YOLO11 5 mAPy, . o 53 54T 10. 8 /A 43 A A
9.6 ™MH M, XM TWRBHEENME FHN, 5
YOLOv11m BEFUAH L, WPM-YOLO11 #EE! mAP,, .,
PE 5.0 NE ST

% 6 YOLOvllm #Z 5 WPM-YOLO11 # 8! % & F K R B N4 sE 3t tb
Table 6 Comparison of detection performance between YOLOv11m and WPM-YOLO11 models for each maize disease

B3 8| FEWHH (%) A (%) mAPs,(%) mAPs . 45( %)
BT YOLOvI1m 81.5 82.8 83.8 50.6
WPM-YOLOI11 91.1 89.3 93.4 73.1
L YOLOvI1m 85.1 87.1 92.9 80.2
WPM-YOLO11 94.6 94.6 96.8 91.9
RG] YOLOvI1m 85.5 78.3 86.6 54.5
WPM-YOLOI11 80.6 83.6 88.8 59.5
iR YOLOvI1m 81.9 84.1 86.8 61.8
WPM-YOLO11 91.7 91.7 92.8 78.0
675 - YOLOvl1m 9.5 94.7 95.4 84.3
WPM-YOLO11 96.4 95.5 97.4 93.9
IR BN YOLOv11m 86.0 86.2 91.3 65.3
WPM-YOLO11 92.6 88.3 93.2 76.1
[ B9 YOLOv11m 83.4 83.3 85.2 50.1
WPM-YOLO11 87.6 85.3 87.7 60.8
fe YOLOv11m 85.5 92.0 96.0 83.8
WPM-YOLO11 97.6 98.1 99.1 94.4
K YOLOvI1m 85.2 86.1 89.8 66.3
WPM-YOLO11 91.5 90.8 93.7 78.5

mAPsy I LL BB 0.50 HF-BIE EEIME ;mAPs . o5 : 3CIF LLIIE R 0.50~0.90 (- F-H K5 EE I {E



272 H K&k 2% W

2026 4F 5 42 4% A5 2 i

ZE 1, WPM-YOLO11 7E 2T S AR RS B2 174 [)
B, XSGR AOR | 45 R4 AN B 43 A A R 45 52 240
JS B L B ) ) 5 R AR R T
3 3

4E % Windmill convolution 55 MSEPA #8H3k )5,
WPM-YOLO11 BEAUAG RS B | i FH g e 2 KRB
Bife 1415 2 R PEFE T, Windmill convolution 15
HUsm 1T XPHRBEA 2150 R /I H AR 454 K 1) A8 4k
FYIERHIBE T, XoF 100 FASER | B A5 285 AR 2 3 A A 0 i
ol 3, MSEPA Bkl & 2 ROERHIEE i 5
SHEIMTERE VU], A | A3 AL E 3 A
XTREAE R INAS R | 5T T AR X B RUBE AN — &
PR S 0B DU S et XA R R 4%
A KIE SR FERBIBOR R B, RE WPM-
YOLO11 #ERIFR B K4, {E X F R 5 45 9 46 A ity 2
£ BRI Rt Al . ARRAFFE T LT
2 I TR — 2P I — R A R A TR IR
FERG B 1 [l B BRAR S 40 5 07 s B i 3R TS
ROF; IR R Z AL 3 i AL G 5 AN [ R
W s YR A ) 5000 4 |, 48 A 78 A SI2 B 1 R o Y
T

S

(1] X Z,7F  BE ik, 4. 2025 4E2F £ B A VEY T 0% i
FRAE A RILREE A Hr[J]. PR AR T, 2025,45(2)
26-29,44.

(2] BHWM, W IR R, %, RAEYRAUE R DR AR5
ZEIR[)]. R, 2021,52(7) < 1-18.

[3] JA#®R,ZE Bl ETHEEMZMLE R EDHT BUE P 7E
ZER[]. B AR 5T ,2024,4(17) :39-45.

[4] B WER, K B L BEEIHARTEREY R R ER
SR B R FREZRR [T ]. bRk, 2024( 1) :30-32.

[5] BRIERL, Fafibk. AlexNet-SVM JB A5 #6280 X 75 5l o 395 7 A
BsWi[ 1], BACAOLRHE ,2025(9) :170-172,178.

[6] SZEHk, BRI, FRIEH, %, JET 8 GoogLeNet HY7K A5 TH A
FEIEIG AT [ 1], ARk TRE2437,2025,41(10) :204-211.

(7] FESCA, XIHHE, 5 b, 5. 1 (7 & 2475 5% 1Y CFFA—ResNet
SEAR R R R R ()], b E AL 2 iR, 2025, 46
(6) :169-175.

[8] Eu:TF, WL, #5855, LTI MobileNet v3-small A5 %1

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

AR o Rk ()] YL R 2% ,2025,53(5) :
113-120.

WRBET by miee - 3RV IR - IR SE 4. S
T, Swin Transformer A8 9 M F- 98 E R NAF5E ()], P E
MR, 2025,46(10) : 128-137.

TIMILSINA S, SHARMA S, KONDO S. Advancements in maize
leaf disease detection, segmentation and classification; a review
[J]. Biosystems Engineering,2025,255:104162.

MENG Y, ZHAN J W, LI K S, et al. A rapid and precise algo-
rithm for maize leaf disease detection based on YOLO MSM[ J].
Scientific Reports,2025,15(1) :6016.

LIRJ, LIY D, QIN W B, et al. Lightweight network for corn leaf
disease identification based on improved YOLO v8s[J]. Agricul-
ture,2024,14(2) :220.

NAKATUMBA-NABENDE J, MURINDANYI S. Deep learning
models for enhanced in-field maize leaf disease diagnosis[ J].
Machine Learning with Applications,2025,20:100673.
AHMAD A, SARASWAT D, GAMAL A E, et al. CD&S dataset:
handheld imagery dataset acquired under field conditions for corn
disease identification and severity estimation| EB/OL]. (2021-10-
22)[2025-03-21]. https://doi.org/10.48550/arXiv.2110.12084.
CHEN R L, ZHOU H B, XIE H, et al. YOLO-CE :an underwater
low-visibility environment target detection algorithm based on YO-
LO11[J]. The Journal of Supercomputing,2025,81(5) ;723.
YANG J N, LIUS L, WU J J, et al. Pinwheel-shaped convolution
and scale-based dynamic loss for infrared small target detection
[J]. Proceedings of the AAAI Conference on Artificial Intelli-
gence,2025,39(9) :9202-9210.

LU L P, XIONG Q, XU B R, et al. MixDehazeNet ; mix structure
block for image dehazing network [ C]//IEEE. Proceedings of the
2024 International Joint Conference on Neural Networks (IJCNN).
Yokohama ; IEEE ,2024.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN ; towards real-
time object detection with region proposal networks[ C ]//Neural
Information Processing Systems Foundation. Advances in Neural
Information Processing Systems ( NeurIlPS 2015). New York ; Cur-
ran Associates, Inc., 2015.

ZHAO Y, LYUW Y, XU S L, et al. DETRs beat YOLOs on real-
time object detection[ C]//IEEE/CVF. Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR 2024) . Washington; [EEE, 2024.

YANG H, SHENG S Y, JIANG F, et al. YOLO-SDW :a method
for detecting infection in corn leaves[ J]. Energy Reports, 2024,
12:6102-6111.

(ARG AT R)



