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Abstract

The hornet species are so similar in shape that they are difficult for non—experts to classify, and because the size of
the objects is small and move fast, it is more difficult to detect and classify the species in real time. In this paper, we
developed a system that classifies hornets species in real time based on a deep learning algorithm using a boundary box.
In order to minimize the background area included in the bounding box when labeling the training image, we propose a
method of selecting only the head and body of the homet. It also experimentally compares existing boundary box-based
object recognition algorithms to find the best algorithms that can detect wasps in real time and classify their species. As
a result of the experiment, when the mish function was applied as the activation function of the convolution layer and
the hornet images were tested using the YOLOv4 model with the Spatial Attention Module (SAM) applied before the
object detection block, the average precision was 97.89% and the average recall was 98.69%.
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Table 1. Test results according to labeling method.
E 1. 2ol 23 dHol| w2 HAE Z3}

Labeling Method (a) | Labeling Method (b)

TP FP FN TP FP FN
V. Velutina 114 8 3 115 5 2
V. Crabro 143 9 6 149 6 2
V. Mandarinia 85 2 2 86 3 2
V. Simillima 9% 6 2 101 2 2
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Table 2. Comparison of precision and recall according to
labeling method.
# 2 o3 ol w2 YULet x| W

Labeling Method (a) | Labeling Method (b)
Precision Recall Precision Recall
V. Velutina 0.9344 0.9743 0.9583 0.9829
V. Crabro 0.9408 0.9597 0.9613 0.9868
V. Mandarinia 0.9770 0.9770 0.9663 0.9773
V. Simillima 0.9406 0.9726 0.9806 0.9806

Table 3. Test results according to YOLO models
¥ 3 YOLO ZHof umz HAE Z3}

YOLOV3 yoLowa | rOOE
TP | FP |EN| TP | FP |EN| TP | FP | PN
V. Velutina | 107] 4 |15 |115| 5 | 2 |1u8| 3 | 3
V.Crabro | 130] 12 |22 |149| 6 | 2 |130| 3 | 1
V. Mandarinia| 80 | 5 | 6 |86 |3 | 2 |88 2 |1
V. Similima | 82| 5 | 7 |101] 2 | 2 |102| 3| 1

Alexey B. G°| 43 ZAAHE YOLOv4= 74
A HEY AUt ALl EF YOLOv3
H]slo] €53 53] AEFA dHolold
A Aol A Mish &3t &5 AR&etal, AA

Table 4. Comparison of precision and recall according to
YOLO models.
¥ 4 YOLO ZEof w= MUzt Msge v

YOLOv3 YOLOv4

Prec. | Reca. | Prec. | Reca. | Prec. | Reca.

Velutina 0.964 | 0.877 | 0958 | 0.982 | 0.975 | 0.975

Crabro 0.915 | 0.855 | 0.961 | 0.986 | 0.980 | 0.993

Mandarinia | 0.941 | 0.930 | 0.966 | 0.977 | 0.978 | 0.989

Simillima 0.943 | 0921 | 0.981 | 0.980 | 0.971 | 0.990
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Fig. 7. Comparison of object detection results of YOLOv3
and YOLO4, (a) YOLOVS, (b) YOLOv4
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