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Comparison of Vespa Detection Accuracy for Deep Learning
Models According to Training Dataset

Heejin Gwak, Yeongjae Kwon and Cheolhee Lee*
Department of Computer Engineering, Andong National University, Andong 36729, Republic of Korea

M Training data configuration is critical for object detection based on supervised deep learning.
Namely, the characteristics of training data should be very similar to an actual test environment
to raise expected inference accuracy. However, a Vespa object size in pixels in a natural capture
environment is not constant and is smaller than the Vespa object size of images in a training
set. This study compares the inference accuracy of deep learning models YOLOvS, YOLOX,
and YOLOv7 according to training datasets. As training data, the three types of datasets were
prepared as follows. First, A basic dataset, composed of five species of Vespa and one bee, is
produced for the Vespa training data set. Next, The 0.3% dataset, in which Hornet object size is
approximately 0.3% ratio to the whole image size in pixels, is prepared using the basic dataset
for tiny object detection. Finally, images are selected from the basic and the 0.3% datasets in the
same proportions in a Mixed dataset. After configuring three types of training datasets, the three
deep learning models above were trained using the three training datasets, the basic, the 0.3%,
and the Mixed dataset, and calculated the training and test mAP. In cases where the training and
test data environments are similar, YOLOv7 demonstrated the highest mAP at 95.4%. However,
in a test result experiment for actual environments using trained weights by the basic dataset,
the mAP@50 scores are 30%, 14%, and 85% for YOLOv5, YOLOvV7, and YOLOX, respectively. That
is, YOLOX, an Anchor-free model, is overwhelmingly excellent. The organization of the training
dataset is essential to match the inputs of the actual detection environment to obtain the best
accuracy in object detection, and YOLOV7 is the best model for a tailored training dataset among
state of the art models.

LGS Deep learning, Training dataset, Vespa, YOLO
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Sk A1) 917] & 9 E/E SAlOl Fdche A b Hlw A Z AA S Hol Zge}= ot ol 2 7Y
oju|gitt, 24| FAjof] AMEE Fed eSS AA| Ao HAo] 2442 Y F2L B FEY AL E
o] f171et B WS FAlol Aol 184 AE A of2]= A/do] WA, whebA 2 Aol A= g5 Tlo]
T A 0] f1x]9} 5 o] A o2 o]Folx]= 2 Hel gl Bdlo] g 2 45S Anos Hrts
WA AE HAlo] ik 194 FE7]12+ SSD (Liu ez al., 11 o] Foff Wiy} Zo] 2R Ao tigt & S
2016), YOLO (Redmon et al., 2016), YOLO9000 (Redmon =ol7] 913t 5 dlolE 9] 4 ARl Jeld BE
and Farhadi, 2017), YOLOv3 (Redmon and Farhadi, 2018), = AAstarzt g, o] & flal, 9eld Rd2s @A) 7t
YOLOV4 (Bochkovskiy ef al., 2020), YOLOv5, YOLOX 7 @o] &85= YOLOVS, YOLOX, YOLOv7= A1=|s}
(Ge et al., 2021), YOLOv7 (Wang et al., 2023) 5] Sl tt. sh5 dlolE& YHrd 37]9] W g5 dlolE <l
83 294 HE7]2E RCNN (Girshick ef al., 2014), 71 &k dlo]E]All (Basic Training Dataset), 7| St H]
Fast-RCNN (Girshick, 2015), Faster-RCNN (Ren et al., oAl o 2 HE JAF W A EH o] WA Hlgo] HA
2015), Mask-RCNN (He ef al., 2017) S°] it} & 717 G4 3719 03%E ARG EE 7T 0.3% S5
WAL Bl E o] £EdHoAE 1A HHAo] o a5t o8] HgH(0.3% Training Dataset) 12]1 7] Sk do]
1 ASE HollA= 28A Al o felshd 2ol B et 3% st HlolHAl 12|11 0.3% St HIolE Al
1A HHA o] Aot 7fdo] Wol o] 0] YOLO (You UL HlE R FARE A2 239 ok dlolEAl (Mixed

Only Look Once) 715t tdlo] AX|7F A gzof Yg] &
|53 ATh(Park, 2020).
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A-g5to] ndo] A=l AArEFo] what small, medium,
THE Slom, 243t 3R hard
swish (Howard er al., 2019)5 AH&5to] st 9 2 4

£ 7045kt YOLOX+E= PAFPN (Lin et al., 2017)
< 53l Multi-Scale Feature MapS A+ B2 g

9] Feature MapllAl= & A€ FE5H1 =2 s
°
[}

large, extreme U

—°4 Feature Map©ll A= 22 A E 5= neck= %

QItt. Backbone™} neck= YOLOv3%} 53t SPP (He
et al., 2015) FAlo] 2G50 AT, head S Ze]5to] 7]
Z 293t 2PHA-S Fch YOLOvT2 Kb 943 A
AZE A AE A= 2AstLA o A9 7HeA

Table 1. Architectures of YOLO family models

Architecture

Model

Backbone Neck Head
YOLOv5 CSP-Darknet53 SPP, PANet YOLOv3
YOLOX  CSP-Darknet53 PAFPN Decoupled Head

YOLOv7 E-ELAN CSPSPP + (E-ELAN) YOLOR

7HY B2 752 o557] flsfl B2E agAow Ao
Sh= FZ%] E-ELAN-S AF&-30th. RepVGG (Ding et al.,
2021) YOLOV52t YOLOv7-> Anchor-based 4= AR§
5 YOLOX+ Anchor-free '41-S AHE-RITH(Zhang et
al., 2020).

& 210] 2ol M-S Fig. 19 A48 et ATt Fig.
1(a)@] Anchor-based 212 APl e 27|} FF/
O] Az F Q1 A7 (anchor)E AFE-SH TIOTEAL o]m] %]
Wl A 9] f1x]9F 2715 cllS5ett. 7= on]A] YoM
cheet F=H]et 2718 7RI Held R GAE 7
gro g A9 YAE A5k o=t Rt AA AA|
9] 9A] Ato]9] IoU (Intersection over Union) S AAFSHcY.
lIoU= 7 7l19] A 4247t debt A=A £74dsk= &
oftt. 7| et A A o] F e FAIR AL T IoU
o] gtol B4 YAIRET Ao geol2tal TRt
IoU 9] gto] 25 A7) 91710l tieh A& F=o] Ethe
Z& Uttt Anchor-based= g5 H|OlHE HIEF o2
APl AolE n7lo] A BIAE o] 85ty StE= F

AA| 0] Y-S FE3HL Fig. 19] (b)= Anchor-free B4

-

Fig. 1. Comparison between anchor-based method and anchor-free method. (a) Anchor boxs of the learning dataset according to predeter-
mined size and aspect ratio. (b) Anchor-free method predicts the center point.
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Table 2. Training and test dataset

Dataset Training Validation Test
Basic 5705 900 900
0.3% 5705 900 900
Mixed 5705 900 900

Fig. 2. Vespa dataset. (a) Apis mellifera, (b) V.velutina nigrithorax, (c) V. crabro, (d) V. ducalis, (e) V. mandarina, (f) V. silmilima.
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Fig. 3. Process to produce the 0.3% dataset.
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Fig. 4. Configuration of vespa training dataset. (a) Basic training dataset, (b) 3% training dataset, (c) 0.3% training dataset.
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test mAP@0.50 (%)
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E YOLOX — Basic

YOLOv7 — Basic

Train Dataset weights Test Dataset

S
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test
% YOLOX — Basic es

YOLOv7 — Basic

v

Basic

Basic z
g Deep Learning Model i
YOLOV5 -0.3% / _
train - result Y 5 { o YOLOV5 - 0.3%
| YOLO > | o YOLOX -0.3% < 7 YOLOX — 0.3%
YOLOV7 —0.3% "\ YOLOv7 - 0.3%
0.3% YOLOVS 0.3%
Dataset YOLOX 4 Dataset
YOLOv7 N
YOLOvV5 — Mixed \ YOLOVS — Mixed
“| pth YOLOX — Mixed * YOLOX - Mixed
YOLOv7 — Mixed YOLOV7 — Mixed
Mixed Mixed
Dataset Dataset

Fig. 5. Process of training and test for 3 YOLO models using the 3 datasets.
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Zot HE 23V 7 €2 YOLO HHlv mvb2<l
glo|ElAl o 2 AR}

Table 3. Training mAPs for the YOLO models.

Train/val mAP@0.50 (%)

Model Basic 0.3% Mixed  *Mixed
dataset dataset dataset dataset
Z4d=L gl Xk
EJ"I' x J_'-E YOLOV5S 95.0 95.0 95.6 959
YOLOX 95.0 92.0 932 96.1
YOLOv7 96.0 97.8 96.6 93.5

1. 34 YW HIAE mAP 53

Table 3 7} B2 7} dlolelAle] st F Fe 7

38,

mAP7} 3% P9 Zpo] 2 H|S=jt 0] obs AWE K
02 3% mAPE ST Aoln mAPE B 2o T
A2 45 H7PF 7Hs st A8 95 (Everingham, B,

S Foll 4 9712 7HEAE 47HA 9] HIAE H|
2010)E Falste] ToU 32 0.52 Attt o5 OJEAlS o] &3] 2 AF5S HIIt shGol gad
Jq3t AA AA ] J99] [oU Fhol 0.5ETt Atd YOLO 2&-& HAE go]ejAle] 23 T JAS o
Positive, 1% 2] ¢ O TH Negative = +-7%°] mAPE A4 Bl HAEES X33} B AE+= Sfs5 o] e et g Af
St mAP7F 5245 ged o] ZAof i3l Aeks}t 2L floJHE Fall YUt HAE mAp= EEo] AA|
A BRI vhe HIAE ol Egitke 1S vebdict & fPlA duht & FA S 4 QleA] HHdshe o] 5 FS]
& mAP= RHlo] 29 Hlo|EAlof tishA] drpt Z sk HgH oz g 2 g £ ks AT/AA 5
H =215 Hetdl= 2 Eolth YOLOv7©] Basic, 0.3%, HE d=tt &, mAP7E 2255 TS EX5k= A
Mixed 37}4] Hlo|EAl k5ol A Z¥2} 96%, 97.8%, 96.1% o] =oftt= A Q1 |3 O|th, Table 4= Zt 7FEX| <2t
2 YOLO RY F B5F =2 oh5 mAPE U= 2 B|AE Hlo]E Al o]-85to] FEPS wl9] mAPOT.

21 4= itk YOLOX+= 37H4] Hlo|EAl-S Sh55t ATt

2 ZY7} 95%, 92%, 93.5%7}F Ugkom £3] 0.3% Hlo|H
Ag 538 1 YOLO 2E & 7P @& mAPS e
Wth YOLOv5 9] 3742] 85 At A= 95%, 95%,
95.9%% et om 7MY o5 A7 =& YOLOv7

0.3%5 &F Mixed Hlo[EAl, 7|23} 3%2} 0.3%S
At v]-& 2 AR *Mixed Hlo|HAIS A&t H A
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ATt AAE Basic Blo|EHAC = 537 YOLOVS@t
YOLOvV7.2.= Basic Hlo|E|A S &2 B AERE A3t 7} mAP
7} 93.1%, 92.9% 5 HErTE ot o5 dlo|E <] 44
1} EH|AE glolE| 2] Jdo] T2t Aso] A #otE]

= AZ E 4 AT 11 9= Basic Hlo|HALC R oF5et

Table 4. Resultant inference mAPs according to datasets in each
trained YOLO model

Resultant mAP@0.50(%)
for each test dataset
Model weight

Basic 0.3% Mixed  *Mixed

dataset  dataset  dataset  dataset
YOLOVS5 with Basic 93.1 30.8 71.6 78.3
YOLOVS with 0.3% 6.16 94.0 63.5 535
YOLOVS5 with Mixed 92.7 920 920 91.6
YOLOVS with *Mixed 91.5 89.5 90.1 919
YOLOX with Basic 87.1 85.2 84.6 88.3
YOLOX with 0.3% 0.5 89.0 41.6 28.7
YOLOX with Mixed 87.1 89.9 87.3 872
YOLOX with *Mixed 85.6 884 85.8 87.0
YOLOV7 with Basic 929 14.7 59.5 70.0
YOLOV7 with 0.3% 2.16 954 448 30.0
YOLOV7 with Mixed 93.5 90.6 91.3 89.5
YOLOV7 with *Mixed 90.5 90.1 90.0 91.1
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YOLOVS |

YOLOX

YOLOv7

meo] FlERE A4 SHATE SR 270 2 ukE 39
tlolEAl o ® HAEE A% 275 W YOLOvS7H
30.8%, YOLOV7©| 14.7%% @#5] W& mAP7} S35
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o7 943ks HolFth T 712] Mixed Hlo|E|A O & 5}
&% YOLO REEL HIAE do[gAlo] BAglo] &4
3t mAPE HojFirh A%t e 2 YoLo RES F 7}
7] Mixed Hlo[EA0 2 BIAES X ik 2 Aol
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Fig. 6. Results of Inference by 3 trained-YOLO models for a Vespa video.
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