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BN CA (coordinate attention, CA) ¥ & 798/ /N H b
FFIEE KRBT, FE5] N GhostNet % 2% /1 ) Ghost FE
BEMLg, SCOLT M AR s AR R R R
SIAEH % M 3T SU %P FE YOLOVS #55 vf Jin \ SE

(squeeze-and-excitation, SE) ik T %45 H brfs il 151 4
TCVEA RO e H 25 T4 DR ) S BEREAE 1 Rl . XTAO
26000 0| F 3 5 1) YOLOV7 FHI 1550 7 o 2 1 4T 52
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field block network, RFBNet) &A% i s, FHoy
VRV IR, PR A s (R R RS FEIR B T 76.58%
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454 LW-Swin Transformer 12t 1] LS-YOLOVSs {1 % %¢
A BEAS U AN 73 B, 38 10Y Swin Transformer #5248k,
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0 3 B EURRHE S BUS B U R FREE B, 32
H T —Fh a8 E R 1R (cross-attention module, CAM)
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Fig.1 Examples of peach leaf curl disease in different periods
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2.1 YOLOv5su 4%

YOLO & H BT i B bAs A G 5 FIs A 2 —,
FH A8 S 11K 2 1¥) Joseph Redmon 1 Ali Farhadi JF % ,
JFC v D v R AR T IR R AT RS K . YOLOWS 3
4N C(Input) « ‘BT (Backbone) . #i# (Neck)
1k (Head) 45k

YOLOvSu'™ £ YOLOVS #AY [ 5EREAEH) I, 2R T
fEARRERAE R, B FAT S S AR SS ffAs . IR T
TG TUE SCEHE VT FE B SEAE ) Anchor-free 56 B i 4 T 8
SCESHE RS ARG EE A A . YOLOvSu AR H5 9 254 1% o Fl 5
J& H/NB) K434 YOLOvSnu. YOLOvSsu. YOLOvSmu.
YOLOVSIu. YOLOvSxu FLFf A [F 454 o
2.2 i YOLOvSsu

A5 (1) MG B B 2 4 AR5 A IR B AR g
JRARE Xk A T IERE IR AR TS SR SR R R A
s, des BARE AL RN, X YOLOvSsu Bt
1T 7B, ME T DLL-YOLOvVSsu. SRSt T -

D fEH T MG — 2 C3 BHLH Bottleneck 4514
t i\ Version Transformer ' (I A] 451 [ VE R (DA) 1
Bl 2H BB C3-DA AR

2) T PR 2 ] 4 B AL B B (SPPF) R T
Version Attention Network /" 7 ) 7] 73 B K% BB 2
FiRl 4 B SPPE-LSKA #k

3) R BB J1 B (receptive-field attention
convolution, RFAConv) P fy3Ent E4-H T —Fhip &k
B H &M R R FEBLE (lightweight adaptive weighted
downsampling, LAWD) # ## 7 1] 46 W 2% 45 #4 o 1)
CBS fiith,

i3t )5 i) DLL-YOLOvSsu A58 £ #y i e 2 fioR
.21 TEKBEE AN

VR LA RS S A AR Transformer™! Hh
BRI . M #E4ss (version transformer, ViT) ¥ HE:
EAIHLHI A TR, #0122 Sk R B (multi-
head self-attention) » HFE JH = AHEEILE: &Ml

(query) B (key) FME (value). HAwH=anT:

Attention(g,k,v)=Softmax(gk" / \/d,)v (1

AF g kFy R RERAE. BrEMERE, d
= kB4, Softmax FonH—1k.
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VE: Upsample A _FSREFRIER, Concat Jy A JBIE 4B THRIE E P, Conv2 d NEFUZ, BN RorfitEIH—)Z, SiLU N %L, Bbox.Loss NEM K,
Cls.Loss N7r ik,

Note: Upsample is the upsampling module, Concat is the feature map concatenation from the channel dimension, Conv2 d is the convolutional layer, BN represents the
batch normalization layer, SiLU is the activation function, Bbox.Loss is the regression loss, and Cls.Loss is the classification loss.

B 2 DLL-YOLOvSsu A4 £ 4 A
Fig.2 DLL-YOLOvS5su model structure diagram
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a. AR TE E VLR Rk b. A 2%
a. Deformed attention module b. Offset network

e g BRERIE, RS NFRRRBABRAMERE, W Wi W RIW, 53308 B mn ., S, (En @ SR, « 2o
B, H. wH CHhiEmEREE. FEEMIBIEL, r T RS, GroupConv NHBEF!, LayerNorm JEVA—4k, GELU ABEHEL.

Note: ¢ is the query vector, t and ¥ represent the deformed key and value vectors, X represents the feature map sampling result, Wy, Wy, W, and W, denote the
projection matrices of the query vector, key vector, value vector and output vector respectively, z is the output feature map, H, W and C represent the image height,
width, and number of channels, » is the downsampling reduction ratio, GroupConv is a group convolution, LayerNorm is a layer normalization, and GELU is an
activation function.
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Fig.3 Deformable attention module and offset network structure diagram
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a. C3-deformable attention

B 4 C3-DA #ssEA#HE
Fig.4 C3-DA module structure diagram
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KEFIZER /) (large kernel attention, LKA) #iHl'®]
£ VAN HRHE 7 S HERE, 113 VAN fE— RAIET
PG AT 45 R IR BRI T VIT F1 CNN 88 . LKA
Wl TR B E R DL, B RMAEER. K
TR AN IS N, [ ) o A I 4 b 2 PR A
Bl KGR SRS 3 N IREE (depth-
wise convolution, DWC). FEH K& (depth-wise dilation
convolution, DWDC) F1ifi i& % 1 ( 1x1 convolution) »
LKA #En] PLRR A

LKA(x) = C"(DWD_C(DW_C(x))) (8)

s i AN R AR B, LKAQe) A2 v & 77 i R AE 1,
C™MEIR 1x1 BF, DW_C() BREEHER, DWD C()
FoRIREY KB

b. Bottleneck-DA

LSKA # LKA IR EEREN 4GB 0 N
PRI AP AR — 45 %. SRR LKA ML,
LSKA 7] LAFR AR M 1 PERE, JF HitE S RN S
FBEAK. SN T #& SPPF HIREE(E B 3KHLAE /1, 7E SPPF
JEHEINAT 5 B KB E R J1, #IEL SPPF-LSKA 2,
HERWE 5 fis.

l 20x20x2 048
DW-Conv
lzoxzoxl 024 k(1,3), s(1,1), p(0,1)
CBS {MaxPoolZd MaxPool2d MaxPoolZd] DW-Conv

o L

| K3.1), 5(1,1), p(1,0)
v

Concat DW-D-Conv
l k(1,5), s(1,1), p(0,4), d2
LSKA
K11 DW-D-Conv
k(5,1), s(1,1), p(4,0), d2
CBS Conv2d
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a. Wi INLSKA fSPPFHH
a. Added SPPF module for LSKA

b. BHUZ KN A11HLSKA

b. LSK of convolution kernel size 11

VE: MaxPool2d Nk Kithtb)Z, DW-Conv NIRE &, DW-D-Conv Ni%E
By kB, kBB, s BonB K, p RRBRIR, 2 XrnEHE
TEREFEA 1.

Note: MaxPool2 d is the maximum pooled layer, DW-Conv is the deep-wise
convolution, DW-D-Conv is the deep-wise dilation convolution, & represents the
convolution kernel, s represents the step size, p represents the pixel filling, and
d2 represents the convolution kernel element interval of 1.

B 5 SPPF-LSKA A3k 4
Fig.5 SPPF-LSKA module structure diagram
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S5 E 6 B
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LAWD ] LU i A B #R A D9 A 7] 1 J Sz 328 B AR

B, #E 7HBREENEBZSHESLZ NS, IF kb
THREISEE. LAWD it HSFfER LRI N
LAWD(x) = Sum(Softmax(C™' (Avgpool(x)))
X SiLU(BN(gM(x))))

A x RARFNFHERE], g7 2R 3x3 HEF

03k J5 ) DLL-YOLOVSsu Bk b 45 -5 6 1 % 1 k] 2%
gitrt, LAWD BBt & F W% 5 == CBS ik
RIS X2 I 2 T SRR AL

<))

Conv__ K, — —
[T CT ]
1x1xC o o

K, Rearrange —— —T
AvgPool —_— Iﬁ? - i O o
A e i

Input HxWxC 1 Ke HxWxC VoaHX Y, WX Cx4

IxIxC Softmax
1 Ir
HxW<C ' gf;]t‘}’)lllt
= Sum
Rearr >
] FE W afei:
VaHX s Wx4C VaHX WX Cx4 Matrix multiplication VaHX AW C

I: AvgPool N FEJILE, Rearrange ATKEYEL AN, K ~Ke FR5H 1~CHERK, Sum FRKITHEM.
Note: Avgpool is the average pooling layer, Rearrange is the tensor dimension adjustment, K-K represents the 1st to C convolution kernel, and Sum is the element sum.
He6 H#FHMNEAHENTRHLEHE
Fig.6 Lightweight adaptive weight downsampling structure diagram
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2.3.1 KIEILFEKE 2.3.2 iEH48AR

ARSI T RO BB 45 95 500 4 1 1 RT3 1)
IV GHBN: #AIE RSN 64 A1 Windows11, AbFIEE
M 54 12th Gen Inter ( R)  Core ( TM) i5-12400F
2.5 GHz, & %5} Nvidia GeForce RTX 4060Ti (8G),
W A7 32GB (3200 MHz) , {4 J& 2% >J HE 2L °A PyTorch
2.0, CUDA JRAN 117, wtE¥& 9 PyCharm, ZiEis
F N Python3.11,

AT RIS EAR RIS R 1T, %+ YOLOvSsu
B SRR B 45 993 R0 00 1 SR G B, Syl i v 1 2 ) R
SEOGRE R, BAWSUNAE, &S H g
low A . IR AL E RN E N 8, HItHY %K
N 0.01, ZhE®EN0.937, MK HF RN 640%x640 4

A E B LAAER R (precision, P) « A A Z (recall,

R) . “FYJKGIIHE FE  Caverage precision, AP), P54l

¥ £ {8 (mean average precision, mAP) . 4 F i %

(frames per second, FPS) FIRLE K/~ (MB) 1ENIFM
a7 o

3 ZRST

3.1 ELRAERIRIF

YOLOV5su /& 7F YOLOvSs J:hit EFEH, N Tk
BIERI R AR, RSO AR AT 7 X ks, ik
IREERWE 1 s,

x 1 BEERBENHEER
Table 1 Baseline model comparison results
PR S ME Wi PRI
pxill HETf PEAGIE Mean average precision/% EYNGN Frame} ) or second Average precision AP/%

Models Precision P/% Recall R/% Model size/MB FPS /I()rp fis) =8| [ab:ii) Ja
mAPs MAP5—5 . Early Mid End
YOLOVSnu 75.3 68.9 73.8 443 7.6 105.7 75.1 76.2 70.1
YOLOvVS5su 76.5 70.7 76.1 46.8 18.5 119.7 78.3 75.3 74.6
YOLOvVS5 mu 77.1 72.4 78.6 48.0 50.5 78.0 79.9 80.2 75.6
YOLOVS5s 74.4 69.6 73.0 44.8 14.5 83.0 78.0 70.1 70.7

VE: mAPs, N ToU BIME Y 0.5 B (- REFESME, mAPsy—os N ToU HIMEN 0.5 ] 0.95, HKK 0.05 i mAP KJFI{H.

Note: mAP;, is the average precision when the intersection over union threshold is 0.5, mAPs, s is the average value of mAP for IoU thresholds of 0.5 to 0.95 in steps of 0.05.
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M 1 48/ UEH, YOLOvSsu SR IRCR LT
YOLOV5nu, HAUEA/NN 18.5MB, it/ YOLOVS mu
f] 50.5 MB. %It YOLOvSs, YOLOvSsu fEHERfIZ .
(] R0~ S5y RS B 5 TR, AN 74 MB. [A I,
SN TCHEHE I 73 A 20k 30 5 W A Bt 3R o T R A T e .
LA LA EIRNER, AR YOLOvVSsu fF N FELe R
3.2 HEhiXIEZER

N T 56 AE AR SE St AR ) 7 V20 T kAR i e A
MR BAR LG &N TTERTIE B CR, &t T
WL . R Rk 2 fon, EHEGGHIILERES

Banld 7 s .

FH T AR IR 45 SR AT DL S AN SO VAR ROR : 2
# C3-DA B J5, BRI TYIGEBEH [F R 55
T3SANES A, FHREHME mAP, IRE T 2340
Iy, EREAIRE KT 0.6 MB; 5] N\ LSKA fiiz
J&, AR BYLE HE B 22 0T 3RS FE mAPs, J7 T2 Al iR T
2.5 2.3 ANES AL, BABEREIN T 2.2 MB; f#iH LAWD
B/ CBS i 2 J5 AT A BRI T 1 /NE 2 A
(E R RN S5 RE FE S 73 ) B TH T 0.4 A1 1.7 ANE 2 R
FERL KN T 18.9 /NH 4 fs

=2 HERWmEER
Table 2  Ablation test results
SERIRG B IME s SPEIRE B
FE Y HETf % PG E Mean average precision/% EDNGN F ISP d Average precision AP/%
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Fig.7 Performance comparison curve of the improved model
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Fig.8 Recognition effect of each model on peach leaf curl disease in different environments
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Improved YOLOvSsu model for detecting peach leaf curl disease

YAO Lingyun , ZHOU Junfeng , LI Li

(1. College of Engineering and Technology, Southwest University, Chongqing 400715, China;
2. Chongqing Key Laboratory of Agricultural Equipment for Hilly and Mountainous Regions, Chongqing 400715, China)

Abstract: Peach trees are susceptible to leaf curl disease in humid regions in spring, leading to a reduction in peach production.
Current monitoring cannot timely and accurately identify the leaf curl disease in large-scale orchards. Therefore, intelligent
detection can be expected for the peach tree diseases using deep learning, in order to minimize the pesticide application.
However, most research has relied on individual-picked leaves in disease identification. It is still challenging to apply to disease
detection in real-world scenarios. The primary research can also emphasize to differentiation among various disease types. Yet
it is lacking in the accurate occurrence of leaf disease. It is also difficult to identify the peach leaf curl, due to the complex
background of disease images and the small size of the early target. In this study, a DLL-YOLOvSsu model was introduced to
detect peach leaf curl disease in natural environments. Firstly, a deformable attention module was integrated into the backbone
network of YOLOvSsu. The C3-DA module was formed to recognize the targets with significant size variations, in order to
improve the feature fitting of the model. Additionally, a large separable kernel attention (LSKA) module was incorporated into
the spatial pyramid pooling fusion (SPPF) layer to expand the receptive field of the network. The sensitivity to large targets was
enhanced without complexity. Lastly, a lightweight adaptive weighted downsampling (LAWD) module was proposed on the
receptive field attention convolution (RFAConv), in order to replace the convolutional modules within the network for feature
extraction. Both lightweight and accuracy were achieved concurrently. The dataset was also built for the peach leaf curl
disease, including the early, middle, and late stages. 1520 images were then collected from the peach orchard of Chongqing
Academy of Agricultural Sciences, China. Among them, the number of pictures in the training set increased from 1105 to 6630
after data augmentation. Subsequently, ablation experiments were conducted to validate the improvement under the same
device environment. Each improvement was observed. The recall rate increased by 3.5 percentage points under the C3-DA
module, compared with the initial model, while the mean average precision (mAP5,) increased by 2.3 percentage points; The
accuracy and average precision (mAPs,) increased by 2.5 and 2.3 percentage points, respectively, after the LSKA module was
introduced; The model size decreased by 18.9 percentage points, after the LAWD was used to replace some CBS modules. The
ablation experiments revealed that the improved DLL-YOLOv5su model was achieved with a detection accuracy of 80.7%, a
recall rate of 73.1%, and an average precision mean average precision (mAPs)) of 80.4% on the test set of peach leaf curl
disease. Compared with the initial model, these metrics increased by 4.2, 2.4, and 4.3 percentage points, respectively. The
frame rate (FPS) of 83 frames per second fully met the requirements of real-time detection for peach leaf curl. A comparison
experiment was designed to compare the detection performance of DLL-YOLOVSsu with the current mainstream model of
target detection. The performance of the DLL-YOLOvSsu model outperformed the most mainstream models, including
YOLOv3-tiny, YOLOv7, Faster R-CNN, and YOLOvVS, with higher accuracy and precision. The recall rate was only 1.5
percentage points lower than YOLOvV7, but the model size was only 23.5% of YOLOv7's. In summary, the improved DLL-
YOLOvSsu model was achieved in the real-time and accurate detection of peach leaf curl occurrences, thereby enhancing the
efficiency of smart peach orchards. Resource allocation was also optimized to facilitate the precise application of pesticides,
particularly for the high crop yields and healthy peach trees.

Keywords: image processing; diseases; leaf curl disease; object detection; YOLOvSsu; deformable attention; large kernel
convolution; light weight
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