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Intelligent identification and early warning of Ptyomaxia syntaractis

based on YOLO-V5S

MEI Song-Qin', YANG Hua?, LIUFU Wen-Ting!, JIANG Nan!, QIU Guo-Wei!, WU Jun-Da',
XU Jin-Zhu?*(1. College of Biomedical Engineering, Guangzhou Medical University, Guangzhou
511436, China; 2. Guangdong Provincial Key Laboratory of Silviculture, Protection and
Utilization Guangdong Academy of Forestry, Guangzhou 510520, China)

Abstract: Ptyomaxia syntaractis, the main pest of the mangrove plants Avicennia marina,
affected the growth and ecological function of 4. marina seriously. In order to efficiently monitor
the population dynamics, obtain the early warning information and publish population numbers in
real time, object detection algorithm YOLO V5 was introduced for deep learning to identify and
count the moth on the monitoring equipment in this study. Black light trapping devices were used

to obtain the adult images of P. syntaractis, and two datasets with different image sizes, enhanced
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by means of rotation and noise enhancement were constructed. The detection performance of
different training models on acquired images and the effect of different image sizes on the
recognition results of datasets are compared, and accuracy, recall rate, F1 value and average
accuracy were used to evaluate the differences among the models. The results showed that the
accuracy, recall rate and F1 value of YOLO V5s model for the identification P. syntaractis were
96.13%, 92.06% and 93% respectively, and the model could well recognize the original size
image. The identification and counting model based on YOLO V5 algorithm can be used in the
population monitoring for its high recognition accuracy.
Key words: Ptyomaxia syntaractis; deep learning; YOLO V5; automatic identification; warning
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Tablel Network parameters Comparing of the two models

Medel AP Aptest APsp Speedapu FPScpu Params FLOPS
YOLOVS5s 36.6 36.6 55.8 2.1 ms 476 7.5M 13.2B
YOLOV5m 43.4 43.4 62.4 3.0 ms 333 21.8 M 394B
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JE 2 1AEBP 7, AW 7Ti% ] YOLO V5s 1 YOLO VSm =81 43 5il 3EAT — X )I1%%, YOLO V5s
B ZER WL 4, YOLO V5m BRI 458) 5 YOLO V5s 280, RURFEIRFERIBE T K
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Table 2 Performance comparison of the two models on different datasets

»

iR Modle  F5HiEE (%) Precision A B (%) Recall “FEIREEE (%)mAP  JEAI 1514 (F1)F-measure

v5s-640 97.5 90.7 96.13 0.93
v5s-2560 96.13 92.06 94.84 0.93
v5m-640 97.32 90.13 96.83 0.92
v5m-2560 94.48 90.48 93.62 0.92

VE: R ZFRAT 0 TR YOLO MISERAS, J5 2885 2 n $di S5 845 )] ~F - Note: The first half of the model name represented the

YOLO network version, and the second half represented the dataset image size.
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Fig. 13 Comparison of the recognition effect of v5s-2560 and v5m-2560 for incomplete and dense images
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