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ABSTRACT

To reduce the damage caused by the recent surge in Sudden pest due to climate change, we have built a
detection and classification system of Sudden pest using raspberry Pi. Through this, even non-experts who are
difficult to determine the type of pest can recognize the occurrence of Sudden pest and respond quickly and
appropriately to Sudden pests appearing in farmers. In this paper, we trained YOLOvS5s and YOLOv5x on a
dataset consisting of four types of Sudden pest: Ricania sublimata, fall armyworm, Citrus flatid planthopper,
and Spotted lanternfly to perform detection of Sudden pests. Through the mean Average Precision and
Precesion-Recall curve of the two models, it was confirmed that YOLOv5x was superior to YOLOVSs in terms

of precision, and prediction results based on the final model were derived.
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YOLOVS

parameter

size depth_multiple width_multiple
of YOLOV:

n 0.33 0.25

s 0.33 0.5

m 0.67 0.75

1 1.0 1.0
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Table 2. Specifications of Raspberry Pi

Raspberry Pi 4 model B

Memory 8GB LPDDR4

CPU 1.5GHz ARM Cortex-A72

GPU Broadcom Video Core VI MP2 500MHz
Size 85.60 x 56.5mm

Wi-Fi 802.11g Dual-Band

USB support USB 3.0 2 port

Sound 3.5mm jack, 2x micro HDMI
Video composite 2x micro HDMI

a2 6. 7zt 94 2zdE] do]
Fig. 6. Raspberry Pi with Camera Connected
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Table 4. mAP and AP of each class of YOLOv5s

America Flower Geosemi Brown mAP

0.860 0.305 0.520 0.669 0.589
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Table 5. mAP and AP of each class of YOLOv5x
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