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Apple Leaf Lesion Detection Based on PSA — YOLO Network
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Abstract; In order to improve the detection performance of YOLOv4 object detection algorithm for small
apple leaf lesions, a PSA — YOLO network with low computational cost and high accuracy was proposed,
which integrated a Focus layer and the pyramid squeeze attention block in the CSPDarknet, and the
strategy of network depth reduction was adopted. Finally, the PSA — CSPDarknet — 1 was built on the
basis of CSPDarknet53. The experimental results showed that the computational complexity of PSA —
CSPDarknet — 1 was reduced by 30.4% compared with the CSPDarknet53 and the detection accuracy of
the network for small lesions ( covering area less than 32 x 32 pixels) was improved by 2.9 percentage
points. In the neck, a spatial pyramid convolution and pooling module was built to enhance multi-scale
information extraction in spatial dimensions with a small computational cost, and a-CloU loss function for
the bounding box was used to improve the detection accuracy of bounding boxes for improving the
detection accuracy of lesions under the high loU threshold. According to the experimental results, the
proposed PSA — YOLO network achieved 88.2% AP, and it achieved 49. 8% COCO AP@ [0.5:0. 05:
0.95] in the apple leaf lesion dataset, which was 3.5 percentage points higher than that of YOLOv4. At
the same time, the feature extraction ability of the network for small lesions was more improved, and APq
was 3.9 percentage points higher than that of YOLOv4, respectively. The detection speed on a single
NVIDIA GTX TITAN V reached 69 frames per second, which was 13 frames per second faster than that of
YOLOv4.
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Fig. 1 Examples of apple diseased leaves dataset
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Fig.2 Images with Mosaic augmentation in training set
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Fig.5 Structure of PSA mechanism
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Tab.1 Result of improved backbone network experiment based on CSPDarknet53
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Tab.2 Ablation study of neck of network
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Tab.3 Comparisons of bounding box loss functions
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Tab.4 Comprehensive performance comparison for apple leaf lesion detection networks

% ETR% W/ (Ws)  AP/%  APy/%  AP/%  APy/%  APy/% AP /%
YOLOv3 Darknet53 50 21.6 45.5 18.3 8.5 22.2 63.0
YOLOv3 — SPP Darknet53 43 25.3 47.2 22.8 16.2 26.3 69.5
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YOLOv4 — CSP CSPDarknet53s 58 48.2 85.7 44. 4 37.2 67.6 83.8
PSA -YOLO PSA — CSPDarknet — 1 69 49.8 88.2 47.0 39.7 67.9 84.0

P 7 (P S S i 0 A 3R % P,
HE R IRBES , £THE by 48 BES , B5HE A 859 ) R T
PSA ~ YOLO P2 5 YOLOv4 [ 4% S 35 5 i 95 BE
TR &5 S Horp g 1 SRS 2 SRR RN T
PSA —YOLO M 485 37 5 i 75 o 048 25895 i 5E 11
R 45 5, A 1 F0EHR AT WL, PSA — YOLO 4% 4H
XFF YOLOv4 W /0 TR BE w56 2 5w &
GG BER LS 6 4, YOLOv4 R 45 46 HY 4
A, PSA — YOLO K 5 A5 BE, 101 Hh 18] fie 3
FHAR B4 P A9 BE 19 B 25 A 30, 79 R IR 45 1 ok R o

BAS I IX 5 HT PSA — YOLO W 48 75 % i 25 458 3 110
H Aty A A e o 55 3 SRR BIPSA —
YOLO M8 RE % 5 - iR 7E K & 425 5t T X T
BE £ 75 W (ARSI, AE S T YOLOv4 I 26 9 /b 1 %
BRE A5 7 I 9 BAE 1% U R RN R A, H T BRHE 4R
AR5 1 B s A S 3R o B e 7 45 PR 22 1 T 3
PSA — YOLO P28 XF 4 /)N ) 9 BREAK S8 T 1 o e
W, 56 4 BRI S B ERMG RN T WIFP W 45 76 K H
SR SRS & 5 T R 290 E R B iR
B, 45 R W] PSA — YOLO W 4% RE % 75 %50 2 /)N U



8

SEIEIE 45, 55T PSA — YOLO 4% [ S - H s BEAG: 335

SR BE M IRAG 2 A L T YOLOv4 [ 48 i 0l 4% 56 5
MERTTT

S&RIE

4

(¢) PSA-YOLOTRIHE
B 7 4 BT SE S 2= R

Fig.7 Comparison of four different apple diseases’

ZERNTH

detection results

F T 25 8] 4 FI B U AL B Rl AR T o CIoU
PRIAE R B ARAG I PN 45 14 i1 S 53 2 R AR
FEaH PSA — YOLO MI%%, fEARSCR g iy S nt
9 T B AR 1 BEAG DU AT 55, 24 ToU [I{H M 0.5

/‘,

ST YOLOv4 19 45 B4 ARG A 1 152 A ok B, 0
X/ HBRER 22 10 3 0 7 BEAS AT 55, A%
LA YOLOv4 2%k BLfih, 75 3 1 M 4% S0 | i 57
HE 5% 2 pR S5 5 i oUE AT T X B SE R, A
CSPDarknet53 WJ3EAE I T Focus 4514 Fll 4 7 3%

FEGR B L, I AT TR e A A T
PSA —CSPDarknet — 1 ™%, Hk, 76 5050 il

if, PSA — YOLO [ 45 & I K5 i BE (AP, ) ik %I
88. 2% , K il P~ X5 B (COCO AP@ [0.5:0.05:
0.95]) iK% 49. 8% , Kl ¥ FE ik 5] 69 Mi/s, i H 2
Xof T /INRUT BE (4 G DU REAR X YOLOv4 45 %50 W i
PETH, L, AR SCHTHR H R PSA — YOLO #5251 K
DU RE PR KGR, BB AR 4% SRS 0 T Xof
SRR 9 B S BRI A 55 P 5 22

Annual Review of Control Robotics & Autonomous Systems, 2019, 2(1) ; 365 —392.
SMIRNOV E A, TIMOSHENKO D M, ANDRIANOV S N. Comparison of regularization methods for ImageNet classification with
2014, 6: 89 -94.

ROY A M, BOSE R, BHADURI J. A fast accurate fine-grain object detection model based on YOLOv4 deep neural network

BEARL, 2019,1(4) 142 -49.
WU Huarui. Method of tomato leaf diseases recognition method based on deep residual network [ J]. Smart Agriculture,2019,

AR PR /A A SR TR LA 2 R 5k 22 M2 O ARAE M N [ 1] AR HLBR 74, 2021,52(10) -

HUANG Linsheng, LUO Yaowu, YANG Xiaodong, et al. Crop disease recognition based on attention mechanism and multi-
Transactions of the Chinese Society for Agricultural Machinery,2021,52 (10) 264 - 271. (in

s £ X #

[1] VOUGIOUKAS S G. Agricultural robotics[J].
[2]

deep convolutional neural networks[ J]. AASRI Procedia,
[3]

[J]. Neural Computing and Applications, 2022,34(5) . 3895 —3921.
[4] RAesni. B TUREEGR 22 M BT h %[ 1].

1(4) :42 —49. (in Chinese)
[5]

264 -271.

scale residual network [ J].

Chinese )
[6] TEW,HE S, A fd, 2. T8 CenterNet [/ 4555

i AT A BRI T A [T]. A ML 4, 2021,
52(12) :233 - 241.

LEI Yu, ZHOU Jinbing, HE Dongjian,
Transactions of the Chinese Society for Agricultural Machinery,2021,52(12):233 -241. (in

et al. Automatic detection method for urediniospores of wheat stripe rust based on
improved CenterNet model[ J].
Chinese)



336 YA A V| N = ¢ 20224
[7] ENTUNI C J, MOHD T, ZULCAFFLE A, et al. Severity estimation of plant leaf diseases using segmentation method [ J].
Applied Science and Engineering Progress, 2020, 14(1): 108 - 119.
[8] ADAMSJ, QIU Y, XU Y, et al. Plant segmentation by supervised machine learning methods[ J]. The Plant Phenome Journal
2020, 3(1): 1 —11.
(9] XUZEsh wdE, Do, %, 3T MSRCR — YOLOv4 — tiny f¢ [H i) F R Ze BB R [ 1], ol Wiilead, 2022,53(2)
246 —255.
LIU Mochen, GAO Tiantian, MA Zongxu, et al. Target detection model of corn weeds in field environment based on MSRCR
algorithm and YOLOv4 — tiny[ J]. Transactions of the Chinese Society for Agricultural Machinery,2022,53(2) :246 —255. (in
Chinese )
[10] MATHEW M P, MAHESH T Y. Leaf-based disease detection in bell pepper plant using YOLO v5[ J]. Signal, Image and
Video Processing, 2022, 16(3) ; 841 —847.
[11] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection[ C] // Conference on
Computer Vision and Pattern Recognition, 2016 779 —788.
[12] REDMON J, FARHADI A. YOLO9000: better, faster, stronger [ C] // Conference on Computer Vision and Pattern
Recognition, 2017 7263 -7271.
[13] REDMON J, FARHADI A. YOLOv3: an incremental improvement[J/OL]. ArXiv E-prints, 2018 — 04 — 08, https: // doi.
org/10. 48550/ arXiv. 1804. 02767.
[14] BOCHKOVSKIY A, WANG C Y, LIAO H. YOLOv4: optimal speed and accuracy of object detection[ J/OL]. ArXiv E-
prints, 2020 —04 —23, htips: // doi. org/10. 48550/ arXiv. 2004. 10934,
[15] SON C. Leaf spot attention networks based on spot feature encoding for leaf disease identification and detection[ J]. Applied
Sciences, 2021, 11(17): 7960 - 1760.
[16] LIU J, WANG X. Early recognition of tomato gray leaf spot disease based on MobileNetv2 — YOLOv3 model [ J]. Plant
Methods, 2020, 16(1) ; 83 -99.
(17]  EAZ% XURB, B8, 4. 5T %0 YOLOV3 BERLSER - Aolg SRR [ 7] v EARHEIESC, 2021,16(11) 1202 -
1208.
YUE Youjun, LIU Jieqiong, WANG Hongjun, et al. Detection of apple leaf diseased spots based on improved YOLOv3 model
[J]. China Sciencepaper,2021,16(11) ;1202 —1208. (in Chinese)
[18] WU L, MA J, ZHAO Y, et al. Apple detection in complex scene using the improved YOLOv4 model[ J]. Agronomy, 2021,
11(3) : 476 —491.
[19] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierarchies for accurate object detection and semantic
segmentation[ C] //TEEE Computer Society, 2013.
[20] GIRSHICK R. Fast R— CNN[ C] //International Conference on Computer Vision. IEEE Computer Society, 2015.
[21] REN S, HE K, GIRSHICK R, et al. Faster R — CNN; towards real-time object detection with region proposal networks[ J].
Transactions on Pattern Analysis & Machine Intelligence, 2017, 39(6) : 1137 —1149.
[22] GLENN J. Yolov5[Z/OL]. htips: // github. com/ultralytics/yolov5 , 2021.
[23] ZHANG H, ZU K, LU J, et al. EPSANet: an efficient pyramid squeeze attention block on convolutional neural network[ J/
OL]. ArXiv E-prints, 2021 —07 —22, hitps: // doi. org/10. 48550/ arXiv. 2105. 14447.
[24] HE K, XIANG Y, et al. Spatial pyramid pooling in deep convolutional networks for visual recognition[ J]. IEEE Transactions
on Pattern Analysis & Machine Intelligence, 2014,37(9) ; 1904 —1916.
[25] HUJ, SHEN L, SUN G. Squeeze-and-excitation networks[ C] //Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2018:7132 -7141.
[26] HEK, ZHANG X Y, REN S Q, et al. Deep residual learning for image recognition[ C] // Conference on Computer Vision and
Pattern Recognition, 2016 770 —778.
[27] LIUS, QIL, QIN H, et al. Path aggregation network for instance segmentation| C] // Conference on Computer Vision and
Pattern Recognition, 2018 . 8759 - 8768.
[28] REZATOFIGHI H, TSOI N, GWAK J Y, et al. Generalized intersection over union: a metric and a loss for bounding box
regression[ C] // Conference on Computer Vision and Pattern Recognition, 2019 658 —666.
[29] ZHENG Z, WANG P, LIU W, et al. Distance — IoU loss: faster and better learning for bounding box regression[ C] //
Conference on Association for the Advancement of Artificial Intelligence, 2020 12993 - 13000.
[30] HEJ, ERFANI S, MA X, et al. Alpha—TIoU; a family of power intersection over union losses for bounding box regression[ C] //

Conference and Workshop on Neural Information Processing Systems, 2021.



