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m Vespa velutina, such as ecological disturbance wildlife introduced into Busan through Shanghai,
China in 2003, is an ecologicla disturbance wildlife and difficult to find with the naked eye due
to the nature of creating wasp nests in high places in the forest. In addition, its population
increases every year, causing the economical damage to beekiipers (about 170 billion won).
Therefore, the purpose of this study is to acquire images and explore the location of Vespa
velutina based on artificial intelligence (Al) to easily remove Vespa velutina using drones.
Differently from the ground images, aerial images have the characteristic that the objects
become very small as the altitude rises, so it is necessary to study the appropriate image size
that can be mounted on drones and can search Vespa velutina with Al. The Al model YOLO-v5
using four image sizes (640 x 384 px, 1,280x 736, 1,920 x 1,088, 3,840 % 2,176) was applied in this
study and the original size of the image (3,840 % 2,160) was used for learining and verification.
When confidence was higher than 0.7, F1 score of YOLO-v5s-default (640) learned with image
size 640%x 384 was 2.4%, YOLO-v5s-1280 was 36.5%, YOLO-v5s-1920 was 64.2% and YOLO-
v5s-3840 obtained the best detection performance at 96.1%. In addition, the performance was
confirmed when the verification image size was 3,840x 2,176 in four Al learned with different
image sizes. In this case, YOLO-v5s-default (640) had F1 score of 4.4%, YOLO-v5s-1280 was 7.1%
and YOLO-v5s-1920 was 16.4% with no performance improvement. Therefore, this study found
that the networks that are learned and validated using the aerial images larger than 640 showed
the better performance. Continuous research on real-time information sharing and estimation
of the location of the occurrence of Vespa velutina through data collection using drone systems
will be carried out.
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Fig. 1. Pro-processing of image data to get labeled data using the ‘labellmg’ program.
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Fig. 2. Image data used for validation.

Bottleneck Bottleneck

Bottleneck
Bottleneck

Fig. 3. Structure of Artificial Neural Network (YOLO-v5s).

Foll ARt ehgoll AR HolE = & 11,8387l (Fig. 2). S5 Aol AH8et 94 dlolel= 2 11,838

™, 10,095719] 7 Hlolel= SA2EER S FAuAHH %, 7,158 02 v]&-2 oF 1:0.60|t}.
7V Z2gE 1 FEAE A £i1%‘ (labellmg, MIT)2 At
-g5to] dlolElE AA 2stlth(Fig. 1). 2. YOLO-v5 85 StESlof % 8F
A% dlolEE ST 110 m EololA GPS M F
3 v o g2 HER G4 ARSIl e Z4tEE = AFAs B g5 ol YA HFA] (CPU)=

£ AFY stR=E 1At om AR ol Intel i7-11700k 3.6 GHz, M2 2] (RAM) 128.0 GB, 122
A 2530z dez 38 582 o ZFAH 7,158% 0|t NVIDIA GeForce RTX 3080Ti 12 GB& AH&35t3tH & A
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HeM, HEM, U4t S, K53 AZE, 0|, 0| F2, H|Qlxt
Table 1. Training setting of Yolo-v5 for the four image sizes
Image Data
Model BétCh Im.age Multi-scale Imagjc
size size processing Train Data Validation Data
3840x2160 3840x2160

(a) 16 640 % 384 X o

(b) 8 1,280 X736 0 o) |

(c) 4 1,920 x 1,088 (0] ¢} :

Image Preprocessing
(d) 1 3,840%2,176 (0] o

(a) YOLO-v5s-default, (b) YOLO-v5s-1280, (c) YOLO-v5s-1920, (d) YOLO-
v5s-3840

TFollA= YOLO-v5 75| Q132 Reds ARSI e
™, YOLO-v5s B Hllof| A wjefu|g Hale] uhg g4 A5
< H|WSFTH(Fig. 3).

g5l 214 YOLO-vsE 48 G4 7] (input image
size)ll Wt A< A} (Anchor box) 27|71 @A 9]
of wetA AET 4+ = AAY A, 4 2717 o=
o, et e A 271 WA, AE 4R 27] W,
g G4 271 50% HNA F2F9] 27 (Multi-scale),
of| ;] ARESH= B7de] X4 7H (batch size), Tt E]
WAk, A& 4 Kl
FFlM Y HE A FdE A o= shEeelth
, Gl ThE ookt 4 wisket 912of whE Wk
olElE &7 {5 A F5] PHf (Image Mosaic), B171
HH] (Brightness Contrast) 52 9448 7S &85t
o] o]l 28591t (Redmon and Farhadi, 2017, 2018)
(Table 1).
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Resizing
640x384

Resizing
1280x736

Resizing
3840x2176

Resizing
1920x1088

l

Resizing Image Data

Train Data
/N

YOLO-v5s Model Training
YOLO- YOLO- YOLO- YOLO-
v5s5-640 v5s5-1280 v5s5-1920 v5s5-3840
Prediction Prediction
Validation ———— Validation YOLO-v5s-
Data » Data — 640
640x384 640 3840x2176
Validation VOLOEs: Validation YOLO-v5s-
Data | 1380 Data [ 1280
L,| | 1280x736 3840x2176 e
Validation VOTGvss Validation YOLO-v5s-
Data N Data > 1920
1920x1088 1920 3840x2176
Validation _ Validation YOLO-v5s-
Data 1 Data [ 3840
3840x2176 2840 3840x2176
Output of same Output of set
size test size test

Fig. 4. Process for the two tests (same and set images).

AU X (Precision), A& (Recall)
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St 2]tk ZF5 PZ-L2 True Positive (TP), False Positive
(FP), True Negative (TN), False Negative (FN)Z 47}2] &=
27} ek AU (Precision, A 1), A& & (Recall, 4] 2)3F
F1 5| (F1 Score, 4] 3)= &% P& $2]o] o5 2A =

™ A2 th-&37} 2t} (Stehman, 1997).

TP
Precision=—— (1)
TP+ FP
TP
Recall=—— 2)
TP+ FN
2
Fl Score=—— 3)
1 1
—+t
Precision Recall

AEAs ota2 2749 ks &4 L X (Train loss
[e]

graph)7}F k0] WL F7bokA] ok w7kA] Atk

0.09
0.08

0.07 = Default-loss == 1280
= 1960 3840
0.06

0.05

Loss

0.04
0.03

(Fig. 5). ot &4 12 o] 4ghs Fe 3 74
Adaptive Moment Estimation (Adam)= AF8-5}9 T (King-
ma and Ba, 2015). G4 3710l thgF YOLO-v5s-default®]
epochi= 7711 Loss 0.025°]™, YOLO-v5s-1280- 175%}
0.017, YOLO-v5s-1920 1792} 0.015, YOLO-v5s-3840->
1612}0.0119] 225 L3It (Table 2).

2 AtellA TP AA TS T ol ot
2lolw, FP= o] ofd AL TEdole} Hd
Y-S W o] okl e, TNE T o] ofd
A ook olu] gt} (Table 3).

A% B4 7,158 ZH|¢d FolA FH2EEHE 17471
EAfehH F 229 Yol T2ttt YOLO-v5s-default=
7 ZH Y, YOLO-v5s-1280-2 214 ZH| Y, YOLO-v5s-1920

r
3 ©
P

filo
e
nE
N,
O
(o]
9,
T
i
[
N
pou)

X o

2 213 ZH 9, YOLO-v5s-3840-2 212 ZH|ofA 5
ALoHEAS AEAT (Fig. 6). AF GAolA YOLO-

v3s-default= 332 Z&#H| ], YOLO-v5s-1280-2 726 LY,
YOLO-v55-1920- 220 Z 2|9, YOLO-v5s-3840- 0 2|
oA e AGZo] LAY (Fig. 7).
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Table 2. Training result for the image sizes

B Model Epoch Loss
s YOLO-v5s-default 77 0.025
0 10 20 30 40 50 60 70 80 90 100110 120 130140150160 170 YOLO-v5s-1280 175 0.017
epoch YOLO-v5s-1920 179 0.015
i . YOLO-v5s-3840 161 0.011
Fig. 5. Train loss graph for the four modules.
Table 3. Validation table according to training image sizes
Confusion matrix
Model Precision Recall F1 Score
TP FP FN TN
(a) 7 332 222 6,597 2.0% 3.0% 2.4%
(b) 214 726 15 6,203 22.7% 93.4% 36.5%
©) 213 220 16 6,709 49.1% 93.0% 64.2%
(d) 212 0 17 6,929 100% 92.5% 96.1%

(a) YOLO-v5s-default (640), (b) YOLO-v5s-1280, (c) YOLO-v5s-1920, (d) YOLO-v5s-3840

259



(c) YOLO-v5s-1920

(d) YOLO-v55-3840

Fig. 6. Detection of Velutina nest in image data.
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vespa 0.72

(b) YOLO-v5s-1280

vespa 0.83

Sl
/)

el

(c) YOLO-v55-1920

Fig. 7. False detection images of the three models.

Table 4. Validation table for the 3,840 image size

Confusion matrix

Model Precision Recall F1 Score
TP FP FN TN
(a) 192 8,094 37 3,002 2.3% 83.8% 4.4%
(b) 222 5,756 7 3,661 3.7% 96.9% 7.1%
(c) 223 2,247 6 5,087 9.0% 97.3% 16.4%
d 212 0 17 6,929 100% 92.5% 96.1%

(a) YOLO-v5s-default (640), (b) YOLO-v5s-1280, (c) YOLO-v5s-1920, (d) YOLO-v5s-3840
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=2 95l YOLO-vSE AFESIR o A4 9= oF v55-1920-2 64.2% 1L YOLO-vSs-3840-2 96.1% % 715
27 olol wheh AAE] Aok A WS 9B G L AE A4S ATk BU O 94 2712 s
&e] 54l O‘E} weba] 7HE A Q1SS AR a7le] AFAEOIA A Y 27171 3,840%2,176 7B
= @71 §1ell ot A 2715 712 B8 640x3848F 90 52 gl o]m YOLO-v5s-default (640)+=
1,280 %736, 1,920 X 1,088, 3,840x2,176°] 37|& St5-S F1 %] 4.4%, YOLO-v5s-1280-> 7.1%, YOLO-v55-1920
At AZ AL vl BAsT) 012 AT 2 164%2 ‘3557 UATH webA] &5 GAdolA &
A% Al A# = (Confidence) 0.7 1L Wl 7 2 45 2 A FAE siA= 717‘ A3As shgollA HHA
= H<¢l YOLO-v55-38402] 4 & (Precision)= 100%, A o2 AEEE G 27 640H T T2 S = S50t
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