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Fig. 2 YOLOI11 improved model structure
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Fig. 3 Structure of the hybrid pooling attention module

C
Xgmup:Reshape(X, [B X G, o H, WD (13)

T2 HHARAE R AR R R AR G MR T
23 (8] (BRIA G=16) , A R FRAE TUAR I 14 s AR A
Xof 2 s 22 S ) BB o O A TR AR S AR AR A S
B ER AR WAL AW, 2300 4 B4 Ry Ge iR R Ry
IR SR (TN o R R Ay S el E I [ /e S ES A S
Ik, 8 3 0 e B8 A O A B R AT A3 P A b Al R
Vi 45 22 EURKFJ7 [ 8 42 Ry AR 2
Fh,= AdaptiveAngoolh< Xeow ),
Fr.= Adaptive/\VgPoolw( X gm\,},> (14)

i R Ak % A U i A g 8 Sk 2 A 3l o A

[Fi) 248 J32 14 7 e ML AR AR A L 2 Y ARRAAE v £ SRy 7

KHER
Fh = AdaptiveMaxPoolh( Ko ) s

Fy .= AdaptiveMaxPoolw< Xg,(,“,,> (15)

A (15)H il w 53 313 7R T o R B B 40 B 1) 3l

e #EAE , Adaptive AvgPool, Fil AdaptiveMaxpool,, &7~

e BT [ A & AR 2 AR RS S (HL 1)

B9 RR1iE # 5 AdaptiveAvgPool,, F1 AdaptiveMaxPool,,

FRUT TG RETT I A RS D (1, W) AR AE & . ad i

X 2 PO R Ak 7 =8, R S R Rl PR 2

YRS MRFIEAS D o ARG AU AR T A7 B YRR AE

A S ] A B S 4 2R R AR B R AR E



% 33

ZEEN 4. LT YOLOLL B F A 5 A6 7 v

121

Frofd SRR 1 X 1T BRI R TR IE R & 5
4, i 5 2 Sigmoid PR BUH — 1615 B 25 (8] 7 5 )
*RE: :

Ayus=o{Conv(Concat ([ Flyy Fiy, Fius Fi] ) )

(16)

XA T AROES T RS RERIEE

BLOAENEA S MRS B IAER M. 15

£ Ry I RE = WA R B e e S R (T X e
RRIFIERAE , SN 43 2R A 3 07 38 5

Y = X oy @ A i (17)

KA H @ FIRITCELIM . BT IZEAE R

5 253 [8) 3 B AR X 43 AL RRAE A 7] 2 [B) A7 B

TEFEAT S A, 1 5 5C B Dl A8y Rl g 107, 900 1) I

KR T a7 R IR B R R 45 5

VLT e J5 52 1Y X 286 25 0, 6 Ak B %) SR AE 1R A 7 38 G

G

Y, = Reshape (Y, [ B, C,H, W]) (18)

HPA 38 33 4320 -1t Ak - il G - R e Y 4 22840 RS

P T8 TG 7 A i ORI A v Y O AR AR A U

TR 7 YOLOvIL 7E /N H 5 k6 I 55 388 £ 3 5 1 19 %y

TIE B BROME A0, £ T 1 ) it e b B ol o L B

i R VR Ik i ) R T 2% %, A IR B B A 2 /N B
R W B 25 22 A8 P R R A R T R
fif R 7 %6

3) ESEE T —4k (RepBN) . YOLO11 FEAfif
RUR AL 58 BN 2% B BRARIE 2E A7 05 —4k , L 1)
PIE N7 22 G0 v i 7 Ab BRARRE 22 5 40 28 3 i
25 oy BV IR AR F A B OCERE B T HLAZ 4 BN 2
(A 1A B AR A R A I £ 8 T, 7E Ak I A - Al
BE s N RN, it s 2 S BB R Y1 2k
ANFRE , IR /D B8 51 5 52 20 R 1 28 591 vy A T
2, PRI R AR L ERER I
TR I A S R R TR BN R . RIS I AT S
IH—14k (RepBN) "', ABF 5T 45 Hidfk A YOLO11 (4
Conv Bile B 3=+ W 25 1 1 Conv IH— 1L )2 , 38 i
Conv_RepBN & 52 8 4 A - 15 — Ak - 3 16 19 o 3] o
i

RepBN B %00 JEAR R0 8 7] 2 2] SRS A e 4
BN 5 gy ARRAE A4 Bl A O], 20 R DI 2k R R 2 4
Wy B, & 4 BT n . RepBN 4k 7K A% 55 BN (1.0 3
A6, X ARRAE BB R YA o T 2 6f, IR HEA T
I —Ab 5 R AR 8k«

-
1 I 1
1 1 1
: 7] | 1= 1 :
I [ N | [RepBN [ oo oo . i !
= : » [ist] |
1 1
: : ! :
1 I 1
n
| | 17 : | I:.> i
| D[R] 7 :
: ¢ S d! MLP !
| : |
1 1
Ly .  Z v :
1 1 :
: Training : Inference :
e e e e e e e e e e e e e e e e e e e e e e e e e = = = == ] ) e e e e e e e e e e e e e e = e = e = e e e e = e e =
B4 FSEHIF—LER
Fig. 4 Batch normalization of multiple parameters
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Table 3 Results of model ablation experiments
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Table 4 Comparative experiments of different detection models
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A LA Basic model; B: SRS Improved model.

E5 FMHARERUBERITE
Fig. 5 Comparison of detection effects of tomato leaf diseases
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An improved YOLO11-based method of detecting tomato leaf diseases

QIN Haoxiang,ZHAO Xia, WANG Min,ZHOU Hui

College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China

Abstract An improved YOLO11 algorithm integrating multiple modules was proposed to solve the
problems of uneven distribution of categories, difficulties in extracting features of small target, and insuffi-
cient accuracy in detecting tomato leaf diseases in complex environments.Firstly, the adaptive threshold fo-
cal loss (ATFL) was used to replace the loss of traditional cross-entropy.The process of training was opti-
mized by implementing a dynamic weight allocation strategy to address the issue of imbalanced samples of
diseases, enhance the ability of model to learn features for disease categories with low-frequency and im-
prove the overall accuracy of detection.Secondly, the hybrid pooling attention module (HPA ) was intro-
duced to replace the ordinary convolution in the C3k2 module, and a parallel pooling branch was designed.
The ability of extracting spatial feature of small target diseases was strengthened by combining with the
group feature recalibration technique to enhance the ability of antiocclusion detection in complex environ-
ments.Finally, the normalization in the Conv structure was replaced with re-parameterized batch normaliza-
tion (RepBN), and a learnable adjustment parameter was introduced to reconstruct the process of normal-
ization to stabilize the feature distribution at the stage of training , accelerate the convergence of model, and
enhance the performance of generalization. The results showed that the improved YOLO11 model had excel-
lent performance on the dataset of tomato leaf diseases, with increases of 5.8, 4.3, 2.3, and 1.2 percent-
age points in the precision, recall, mAP@0.5, and mAP@0.5:0.95 evaluation metrics compared with that
of the YOLO11 base model, respectively.It had good performance on detecting areas of small target diseas-
es and scenarios of dense occlusion in particular.It is indicated that the improved YOLO11 algorithm effec-
tively improves the performance of the model in detecting tomato leaf diseases, achieving a synchronous im-
provement in the accuracy and robustness of detecting tomato leaf diseases.

Keywords deep learning; YOLO11; detection of tomato leaf diseases ; loss function; hybrid pooling
attention module (HPA ) ; re-parameterized batch normalization (RepBN)
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