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Abstract: Aiming at the problems of excessive parameters and heavy calculation workload in the
current Crested Ibis detection algorithm model, this paper studies and designs a high-performance
lightweight network model based on YOLOv5s. First, the original backbone network is recon-
structed by referring to MBConvblock in the EfficientNet network to greatly reduce the network
parameters; at the same time, the Stem module is used in the shallow network to improve the
feature extraction ability of the shallow network; then, the convolutional block attention module

(CBAM) is improved, that is, the channel attention is replaced by the efficient channel attention
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module (ECA), which avoids the dimensionality reduction operation, effectively extracts the in-

formation between adjacent channels, and greatly reduces the number of required parameters of

channel attention; the ECA is embedded in the feature fusion network path aggregation network

(PANet) for the purpose of introducing a small number of parameters to effectively improve the

network performance, and is named as efficient convolutional block attention module (ECBAM).

Finally, experiments are carried out on the self-built Crested Ibis data set and the public data sets

Pascal VOC and COCO. The experimental results show that compared with YOLOv5s algorithm, the

proposed algorithm reduces the number of required model parameters by 52. 37% and the calculation
workload by 54.55%; it decreases the Py @0. 5:0. 95 by only about 2% to 0. 666 on the self-built
Crested Ibis data set, and reduces the P,,p @0. 5:0. 95 to be 0. 792 on the public data set Pascal VOC
and 0. 298 on the public data set COCO. Experiments show that the proposed algorithm can reduce the

amount of network calculation workload while maintaining high detection performance.
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Fig. 2 Network structure diagram of lightweight Crested Ibis detection algorithm based on yolov5s
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Table 3 Comparison with the other state-of-the-art object detection system on self-built Crested Ibis data set

8] &4 A A WAEBRAS/ (BEXBE BHEMSHHR/10° TERE/10° Pur@0.5:0.95  Pap@0.5
YOLOv5sH! 608X 608 7.0 14.3 0. 689 0.893
YOLOv51M 608X 608 46.5 97.3 0.746 0.918

YOLOv3-SPPHV 608X 608 62.6 140.5 0.744 0.919
YOLOv3-Tiny™'! 608X 608 8.7 11.5 0.629 0. 896
NS'e 608608 3.3 6.5 0. 666 0.916
& 4 £ PASCAL VOC # ¥ % E &9 8@ 2 e 52 6
Table 4 Comparison with the other state-of-the-art lightweight object detection system on PASCAL VOC
44 25 A5 Y LPNEE N g R SRR/ 10° AR %/ 107 Poar @0. 5
YOLOv3-Tiny""! 416416 8.7 5.6 0.571
YOLO-Nano!* 416X 416 4.6 0.691
ThunderNet_ MM 416416 0.8 0.738
YOLOv5sH 416X 416 7.0 6.7 0. 821
PP-YOLO™* 416416 44,9 0.843
AL 416416 3.3 3.1 0.792

A5 £ COCO # 4% Loy k@ af b 52 i

Table 5 Comparison with the other state-of-the-art lightweight object detection system on COCO

44 £ A5 7Y HABGE RS BREISHER /100 HHE /100 P @0.5:0. 95 Poar @0, 5
YOLOv4-Tiny''") 416X 416 6.1 6.9 0.217 0.402
PP-YOLO-Tiny"?" 416X 416 4.2 0.227

CSL-YOLOM 416X 416 3.2 1.5 0. 245 0. 44
YOLOX-Nano ?" 416X 416 0.9 1.1 0.253
YOLOX-Tinyt" 416416 5.1 6.5 0.317
YOLOv5sH! 416416 7.0 7.0 0.322 0.516
PP-YOLO™ 416416 44.9 0.425 0.628
A3 416X 416 3.3 3.3 0.298 0.508
2.4.2 W@ st BERIYI 25 50032 L 55 J5 W 0 45 FR 1 5 ) 85 e e &k

ARCAE A BG4 B PEAT T N1 ) LS 5, &5
BFE 6, B MBConvBlock #47 YOLOv5s [
T 4% R I R AT SE S, FE IS I Stem AR B gk 47
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Table 6 Ablation Experiment of self-built Crested Ibis data set

o A BR R - HHE R Poav Por

JURER XBRH) /10° @0.5:0.95  @0.5

YOLOv5s 608X 608 7 022 326 14.3 0. 689 0. 893
MBConvBlock+ YOLOv5s 608X 608 3341 858 5.8 0. 634 0. 882

Stem+ MBConvBlock+ YOLOv5s 608X 608 3343 730 6.5 0. 656 0. 906
CBAM-+MBConvBlock+ YOLOv5s 608X 608 3 354 456 5.9 0. 648 0. 884
CAM-+ Stem -+ MBConvBlock+ YOLOv5s 608X 608 3356 034 6.5 0. 662 0.914
SAM+ Stem-+ MBConvBlock+ YOLOv5s 608X 608 3 344 024 6.5 0. 659 0. 908
CBAM+ Stem+ MBConvBlock+ YOLOv5s 608X 608 3356 328 6.5 0. 669 0.915
ECA+ Stem+ MBConvBlock+ YOLOv5s 608608 3343 745 6.5 0. 659 0. 904
ECBAM-+ Stem+ MBConvBlock+ YOLOv5s 608X 608 3 344 039 6.5 0. 666 0.916

3 45
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