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Abstract Crop pests are one of the primary causes of reduced agricultural yields, with the Food and
Agriculture Organization (FAO) estimating that global crop losses due to pests and diseases range from
20% to 40%. The escalating issues of population growth and climate change further exacerbate this
problem. This paper proposes a method to mitigate yield reductions and environmental pollution by
providing timely pest detection and appropriate pesticide information for rice production, which faces
significant threats from pests. By applying data augmentation techniques to real-world outdoor data, and
by training a YOLO-based convolutional neural network, our model achieved high accuracy with a 95.2%
mAP@0.5 metric. Additionally, a server database was constructed to provide information on types of
crop pests and recommended pesticides. Using the developed YOLOv8 model and database, we
developed a platform-independent progressive web app that operates even in areas with unstable or no
network connections. The app is particularly beneficial in remote rural areas, enhancing access to pest

detection and pesticide information.
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(2) Bounding Box

Fig. 1. Data annotation.
(2) Bounding box, (b) Polygon segmentation.
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Fig. 2. Schematic diagram of the developed mobile-
based system for identifying rice pests using
YOLOVS.
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Table 1. Comparison of evaluation results for bounding
box annotation using five YOLOvVS8 algorithms
on rice pests dataset and its threefold
augmented version. P: Precision, R: Recall.

Model Pa(rljgns P %) | R %) |mAP@0.5 (%)

YOLOv8n 6.2 752 | 723 76.5
YOLOV8n_3x 6.2 87.7 | 84.4 90.3
YOLOvSs 225 | 749 | 73.5 77.8
YOLOVSs_3x 225 | 913 | 85.2 92.2
YOLOV8m 520 | 77.0 | 747 76.0
YOLOV8m_3x 520 | 91.6 | 90.4 93.4
YOLOVS! 876 | 78.7 | 725 773
YOLOVSI_x 876 | 915 | 89.6 94.0
YOLOv8x 1367 | 785 | 723 76.8
YOLOv8x_3x 1367 | 91.8 | 91.0 95.2
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Table 2. Comparison of evaluation results for polygon
annotation using five YOLOv8 algorithms
on rice pests dataset and its threefold
augmented version. P: Precision, R: Recall.

Model P P | R mggo.s
YOLOVSn 68 734 | 614 | 672
YOLOVSn_3x 68 8638 | 760 | 825
YOLOVSs 25 | 762 | 636 | 684
YOLOVSs_3x 25 | 892 | 817 | 860
YOLOv8m 52.0 88.0 72.8 67.7
YOLOv8m_3x 52.0 90.1 81.9 87.4
YOLOVSI 876 | 794 | 580 | 674
YOLOVSI_x 87.6 86.1 85.3 89.1
YOLOV8x 1367 | 739 | 627 | 665
YOLOVSx 3% 1367 | 888 | 849 | 889
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Fig. 5. User Interfaces (UI) of developed progressive
web app for identifying rice pests with
related pesticides.
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