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Research on improved YOLOVS small target multi-class farmland pest detection algorithm

Zhou Kangqgiao, Liu Xiangyang. Zheng Teju
(College of Science, Hohai University, Nanjing, 211100, China)

Abstract; Aiming at the problem of low target detection accuracy caused by the lack of obvious features of the interested
target and the majority of small targets in the farmland pest images, a small target multi-category farmland pest
target detection algorithm based on YOLOv5 was proposed. Firstly, the Swin Transformer window attention network
structure was introduced into the feature fusion part of the last two C3 convolution blocks of the trunk network to enhance
the semantic information and global awareness of small targets. Secondly, the learnable adaptive weights of the
channel attention mechanism and the spatial attention mechanism were added to the C3 convolution block of the neck
network, so that the network could pay attention to the feature information of small targets in the image. Finally, since
the intersection ratio function of YOLOV5 itself had the problem of slow convergence speed and low accuracy rate, SIOU
function was introduced as a new boundary box regression loss function to improve the convergence speed and accuracy
of detection. The proposed algorithm was tested on the open data set of 28 farmland pests. The results showed s that
the accuracy rate, recall rate and average accuracy of the improved algorithm in the farmland pest image data set reached
85. 9%, 76. 4% and 79. 4%, respectively, which were 2. 5% ., 11. 3% and 4. 7% higher than that of YOLOv5.
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[2]
b o b b
o b
:2022 12 10 12023 1 13
* : (202002AE090010)
. ,1998 s s ; . E-mail; 1207581563@ qq.com

., ,1976 s , , ; . . E-mail: liuxy@hhu.edu.cn



2024

236
. Larios [ , C3
. Zhu [ CBAM" ; , SIOU
. 100 1
, 7. 1%, Wang U
o 1.1
o 2022
93%, Faithpraise k-means . s
. Xia 28 s
b ’ b 1 o
. . [21, 22] 2 200
s , N N s o 156 (
, 0 934.0 925 Q 945, Wang ) 288 , 24, 26% ;
Chan-Vese ., Xie 430  ( ) 673 ( ) 10
[9] . ,
° 24 ’ ’
s 10 1 )
’ o [23] H
2 10 1:9 o
(one-stage) ,
(two-stage) 1o 11,
. Girshick %
R-CNN , Fast R-CNNM | Faster
R-CNNHY MASK R-CNNM™ R—FCNM
Redmon 7 YOLO , 1
Swin Transformer® SSDH¥ Fig. 1 Experimental data set images of pests
R 2 200 .
. 1 760 , 440 R
, , 1.2
Ubuntu 18 04 LTS,
o s GPU 2 NVIDI A10 24G,CUDA 11. 6,
pytorchl. 10,
YOLOv5 . , Yolov5s.pt, 640 X 640 ,
R batch-size 16,
. C3 300epoch 0. 01;

Swin Transformer ; s Neck s



YOLOvS 237
0 1; 0. 937; Swin Transformer Block Transformer Block
0. 000 5; 33 (MSA)
b 0. 8, Loss (W-MSA)
33 0. 5; (SW-MSA), )
1 1; 1, MLP, .
1.3 YOLOvV5 3 .
YOLOv5™" 4
. (backone) . (neck)
(prediction) , YOLOvS Mosaic
> 4
SPPF
) C3
, R Neck 3 Swin Transformer Block
FPN-+PAN , FPN Fig. 3 Swin Transformer Block structure
backbone concat, 7y
. PAN  FPN 4. o
, ) @)) o
, . Attention(Q.K V) = softmax(QK"/ \/d + B)V
YOLOv5 , @b)
, Q. K. V—— Query.Key  Value ;
: d— channels;
; Neck B—— , o
, Transformer™?”
, ) ,W-MSA  SW-MSA
. , , Shifted Windows
YOLOv5 o o
1.4 1.5 Neck
) Neck ,
C3 Swin , Neck C3
Transformer , BottleNeck (CBAM),CBMA
. C3STR ,
, 2 , 4 . C )
, Cc 1X1
) MLP
) Sigmoid
o (2) .
s C3STR M.(F)=c(W, (W, (F;,)) + W, (W, (F}.0)))  (2)
Fig. 2 C3STR structure : 0 Sigmoid ;



238 2024
F(!;)?!X - ; H (/‘k - ;
Fie — ; &§— B
W, W,—— 1 2
MLP
rs
M. (F) — o
6
Fig. 6 Calculation of angle loss
(Distance cost) , (5 .
b8 —b. \* b% —b., \*
o cx Cx _ cy Cy - _ gt
‘OJ- - (761/u > 9{0y (4011 ) Y 2 A? (b<1- D)
be) ., sb.,) ,
(('w o Cp ) °
A= A=) =2—e —en (5)
' (Shape cost) , 6
4 n
Fig. 4 Channel attention mechanism module W, = M W, = M , (wyh)
max(w,w®) max(h .h®)
5 (3) s
(wg! 9h 8t ) s 6
H XW,
, 4,
’ =3 A=) = —e) 4 q—e)
1 H >< W ’ 1;/1
, 2X HXW , (6)
X7 Sigmoid IoU (IoU cost) . -
o A
. . IoU = 7
M. (F) =6 (7 ([ Fiyi Fr ) (3) ¢ B
s fT— MLP SloU (8) o
7X7 . YOLOvS 7 o
LossSIouzl—IoUJrAJZhQ (&)
5
Fig. 5 Spatial attention mechanism module
1.6
YOLOv5 CloU#
, ToU loss,
, SloU
,SloU™ . 7 YOLOvVS
(Angle cost) . D 6 . Fig. 7 Network structure of the improved YOLOvV5
. 1.7
1 2 cn(CEy T
A=1—2Xsin [arcsm( : > 1 J 4) ’ (Precision. P) .



6 YOLOvVS 239
(Recall,R) (mAP) 2.5%,
. IoU 05 1L 3%, mAP 4. 7%,
. MO~ ab . )
YOLOv5
p—_1P 9 v
TP +FP , 8 9 .
TP
R=——"— 10
TP +FN (10)
1
mAP:J P(R)dR (1
0
, TP
, IoU 0. 5; FP
H F]\]
2
2.1
YOLOvS 8 YOLOvVSs
Fig. 8 Parameters before YOLOv5s improvement
s 1 o
1
Tab. 1 Comparison of results of different algorithms
P R mAP
SSD 0. 712 0. 570 0. 632
YOLOv3 0. 785 0. 622 0. 683
YOLOv5 0. 834 0. 651 0. 747
TPH-YOLOv5 0. 831 0. 673 0. 773
0. 859 0. 764 0. 794
1 s YOLOv5 +
C3STR+CBMA + SIOU 9  YOLOvVSs
) . . SSD. Fig. 9 Parameter after YOLOv5s improvement
YOLOvZ  .mAP 16 7%.9. 4%, A
TPH-YOLOV5 Transformer
YOLOV5 ,  YOLOv5
YOLOV5 head , Transformer
Prediction Heads YOLOv5 R
prediction heads, .
TPH-YOLOv5 . 2 8%,
9 1%, mAP 2 1%,
1 , YOLOv5
, YOLOv5
. mAP
o b 10

Fig. 10 Improved pest detection in farmland



240 2024
10 , , 0
, 148 ( ).156  ( ) ,
256 ( ), o o
. 430 ( , o
) 673 ( ),
4
2.2 s
YOLOv5s , YOLOv5 .
s i) s ,
b 2 o ’
2 . C3
Tab. 2 Comparison of ablation results Swin Transformer ,
P R mAP o
YOLOv5 0. 834 0. 651 0. 747 2) ’ C3 CBAM
YOLOv5+C3STR 0.818 0676 0. 763 :CBMA
YOLOv5+SIOU 0. 828 0. 626 0. 735 s
YOLOv5+CBAM 0. 813 0. 621 0. 695 3
YOLOv5+C3STR+SIOU 0. 847 0. 754 0. 773 3) YOLOVS CIOU
YOLOv5+C3STR+CBAM 0. 842 0. 743 0. 782
YOLOv5+CBAM+SIOU 0. 850 0. 692 0. 748 ’
0. 859 0. 764 0. 794 ’ ’ °
,C3STR C3 SIOU i
Swin Transformer ; CBAM 4 ,
Neck €3 YOLOvVS5s,
CBAM;SIOU YOLOv5 SIOU 4L7%,
2 , s
YOLOv5s C3STR, mAP , )
1. 6%; C3STR SIOU ,mAP , i
2. 6% C3STR Neck . ,
CBAM.mAP 3 5%; , ,
YOLOv5s . mAP .
4. 7%, 79. 4%,
3
(1] [D].
, 2022.
YOLOvS [2] [DJ.
: , 2015.
[3] Larios N, Deng H, Zhang W, et al. Automated

insect identification through concatenated histograms of

local appearance features: feature vector generation

and region detection for deformable objects [J]. Machine
Vision and Applications, 2008, 19(2). 105—123.



6 : YOLOvVS

241

[4] Zhu L Q, Zhang Z. Auto-classification of insect images
based on color histogram and GLCM [C]. 2010 Seventh
International Conference on Fuzzy Systems and Knowledge
Discovery. IEEE, 2010, 6. 2589—2593.

[5] Wang J, Lin C, Ji L, et al. A new automatic
identification system of insect images at the order level [J].
Knowledge-Based Systems, 2012, 33: 102—110.

[6] Faithpraise F, Birch P, Young R, et al. Automatic plant
pest  detection and  recognition  using  k-means
clustering algorithm and correspondence filters [J]. Int. J.
Adv. Biotechnol. Res, 2013, 4(2): 189—199.

[7]XiaC, Chon T S, Ren Z, et al

identification and counting of small size pests in

Automatic

greenhouse conditions with low computational cost [ J].
Ecological Informatics, 2015, 29: 139—146.

[8] Wang X F, Huang D S, Xu H. An efficient local Chan-
Vese model for image segmentation [ J ]. Pattern
Recognition, 2010, 43(3).: 603—618.

[9] Xie C, Zhang J. Li R, et al. Automatic classification for

insects via

field crop multiple-task sparse

representation and  multiple-kernel  learning [ J .
Computers and Electronics in Agriculture, 2015, 119:
123—132.

[10] N N N YOLOv3

0l , 2022, 38(3): 164—172.
Wen Bin, Cao Renxuan, Yang Qiliang, et al. Detecting
leaf disease for Panax notoginseng using an improved
YOLOv3 algorithm [ J]. Transactions of the Chinese
Society of Agricultural Engineering, 2022, 38 (3):
164—172.

[11] s s YOLOvV5s Android

(Il , 2022,

49(10): 155—163.
Zhou Yibo, Ma Yutao. Zhao Yanru. Design of
mobile app recognition system for apple bark disease based
on YOLOv5s and Android [J]. Guangdong Agricultural
Sciences, 2022, 49(10) . 155—163.

[12] Girshick R, Donahue J, Darrell T, et al. Rich
feature hierarchies for accurate object detection and
semantic segmentation [ C]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
2014, 1. 580—587.

[13] Girshick R. Fast R-CNN [ C]. Proceedings of the IEEE

International Conference on Computer Vision, 2015, 1.

1440—1448.
[14] Ren' S, He K, Girshick R, et al. Faster R-CNN:
Towards real-time object detection with region

proposal networks [ J ].  Advances in  Neural
Information Processing Systems, 2015, 28.
[15] He K, Gkioxari G, Dollar P, et al. Mask R-CNN [C].

Proceedings of the IEEE International Conference on

Computer Vision, 2017 2961 —2969.

[16] DaiJ, Li Y, He K, et al. R-FCN: Object detection
via region-based fully convolutional networks [ J .
Advances in Neural Information Processing Systems.,
2016, 29.

[17] Redmon J, Divvala S, Girshick R, et al. You only look
once: Unified, real-time object detection [C]. Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition, 2016. 779—788.

[18] LiuZ, LinY, Cao Y, et al. Swin transformer:

transformer using shifted
windows [ C]. Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021: 10012—10022.

[19] Liu W, Anguelov D, Erhan D, et al. SSD. Single
shot multibox detector [ CJ. European Conference on
Computer Vision, 2016, 21—37.

[20] Woo S, Park J, Lee J Y, et al. CBAM. Convolutional
block attention module [ CJ. Proceedings of the European
Conference on Computer Vision (ECCV), 2018, 1. 3—19.

[21] , , s YOLOvV5

LIl , 2023, 42(1);

Hierarchical vision

268—276.

[22] Wan ], Chen B, Yu Y. Polyp detection from
colorectum images by using attentive YOLOv5 [ ] .
Diagnostics, 2021, 11(12) . 2264.

[23] . . , YOLO X

[y , 2022,
38(15): 53—62.
Wang Binbin, Yang Guijun, Yang Hao. et al. UAV images
for detecting maize tassel based on YOLO X and transfer
learning [ J ]. Transactions of the Chinese Society of
Agricultural Engineering, 2022, 38(15): 53—62.

[24] Xue Z, Lin H., Wang F. A small target forest fire
detection model based on YOLOv5 improvement [ J].
Forests, 2022, 13(8): 1332.

[25] Redmon J,  Farhadi A. Yolov3: An
improvement [ J]. arXiv Preprint arXiv: 1804, 02767, 2018.

[26] Parmar N, Vaswani A, Uszkoreit J, et al. Image

incremental

transformer [ CJ. International Conference on Machine
Learning, 2018 4055—4064.

[27] Bochkovskiy A, Wang C Y. Liao H Y M. Yolov4:
Optimal speed and accuracy of object detection [JJ].
arXiv Preprint arXiv: 2004. 10934, 2020.

[28] Yan B, Fan P, Lei X, et al. A realtime apple
targets detection method for picking robot based on
improved YOLOv5 [J]. Remote Sensing, 2021, 13
(9): 16109.

[29] Gevorgyan Z. SloU Loss: More powerful learning for
bounding box regression [ J]. arXiv Preprint arXiv:
2205. 12740, 2022.



YOLOv5

YOLOv5 . , C3
Swin Transformer ; , C3
b
, YOLOv5 s SIOU
, 28 )
, . 85.9%0.76.4%.79.4%,
YOLOV5 2.5%.11.3%.4.7%, (202002 AE090010) .
( )
SSD 0.712 0.570 0.632
YOLOv3 0.785 0.622 0.683
YOLOVv5 0.834 0.651 0.747
TPH—YOLOV5 0.831 0.673 0.773
YOLOv5+C3STR 0.818 0.676 0.763
YOLOv5+SIOU 0.828 0.626 0.735
YOLOv5+CBAM 0.813 0.621 0.695
YOLOv5+C3STR+SIOU 0.847 0.754 0.773
YOLOv5+C3STR+CBAM 0.842 0.743 0.782
YOLOv5+CBAM+SIOU 0.850 0.692 0.748
Our approach 0.859 0.764 0.794

YOLOVvSs



