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Table 1. The distribution and the number of images.
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1. YOLOVS # 188 ( Xu etal 2021 ) -
Fig. 1. the YOLOV5' s structure.
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Scale insect

Scale insect

Scale insect 0.379
Scale insect
Seale insect

Scale insect 0.799

Scale insect

2. (a) BHEEEM - (b) BRFFAUER - (o) BUNEEEM - (d) BUFRAE
(e) BREEHRAM - (f) BEBRAER -
Fig. 2. (a) the pineapple’ s ground truth, (b) the pineapple’ s prediction, (c) the
sweet apple’ s ground truth, (d) the sweet apple’ s prediction, (e) the

lemon’ s ground truth, (f) the lemon’ s prediction.
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Fig. 3. (a) pineapple loss function figure, (b) sweet apple loss function figure,

(c) lemon loss function figure
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Application of Automatic Scale Insect Detections on
Insect Quarantine

Tzu-Ching Kuo?, Fang-Chih Heish?, Shu-Peu Chen?, and Yan-Fu Kuo™”*

INational Taiwan University, Taipei, Taiwan, ROC.

Applied Zoology Division, Taiwan Agricultural Research Institute, Taichung, Taiwan, ROC.

Abstract

Scale insects are pest in Taiwan’ s fruit industry. Recently, they have caused great
export losses to our country. Traditionally, whether scale insects existing on fruit peels
are inspected by naked eye. However, manual inspection is time-consuming and
laborious, and due to the immense amount of export, it is impossible to inspect scale
insects thoroughly. In recent years, customs of other countries still have quarantined
scale insects on fruits. It is a serious crisis for Taiwan’ s fruit economy which heavily
relies on exports. In order to effectively avoid the impact of flavor, appearance, and
export of fruits, we decided to adopt automatic methods, utilizing machine vision and
machine deep learning to achieve rapid and labor-saving auxiliary detection methods.
This study uses object detection convolutional neural network, YOLOVS5, to identify scale
insects. To accomplish automatic detection before exporting fruits, we constructed
three object detection models to detect scale insects on the peels of pineapple, sweet
apples, and lemons. In this research, the expert in Taiwan Agricultural Research Institute
Council of Agriculture assisted in image collection for model detection. After testing,
the model accuracy(mAP@0.5) of pineapple was 0.558 for scale insect and 0.371 for
Chrysomphalus aonidum, the model accuracy of sweet apple was 0.8001 for scale
insects, the model accuracy of lemons was 0.7956 for Parlatoria ziziphi. 1t can be seen

that on detecting scale insects, the sweet apple and lemon models are able to detect

*Corresponding author.
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scale insects effectively, but the pineapple model are not as accurate as the other two
due to the complex peel texture and seams which are inconducive for pest identification.
The method proposed in this study can improve the efficiency and quality of inspection,
and provide appropriate assistance of pest quarantine to maintain the quality of

Taiwan' s produce export.

Key words: Scale insect, Scale pest in Taiwan, Machine vision, Deep learning
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