Journal of the KIMST, Vol. 25, No. 3, pp. 300-310, 2022

ISSN 1598-9127(Print) - 2636-0640(Online)

DOI https://doi.org/10.9766/KIMST.2022.25.3.300

FAlEA X ESEE St 7S =A el ds g
SHAIAD - apxE

D Runisiel P FWIBXIST| S

Object Detection Accuracy Improvements of Mobility Equipments
through Substitution Augmentation of Similar Objects

Jiseong Heo" - Jihun Park™"

Y Defense AI Technology Center, Agency for Defense Development, Korea

(Received 16 December 2021 / Revised 7 March 2022 / Accepted 29 April 2022)

Abstract

A vast amount of labeled data is required for deep neural network training. A typical strategy to improve the

performance of a neural network given a training data set is to use data augmentation technique. The goal of this

work is to offer a novel image augmentation method for improving object detection accuracy. An object in an

image is removed, and a similar object from the training data set is placed in its area. An in-painting algorithm

fills the space that is eliminated but not filled by a similar object. Our technique shows at most 2.32 percent

improvements on mAP in our testing on a military vehicle dataset using the YOLOv4 object detector.

Key Words : Object Detection(E*] $14]), Image Augmentation(3-3
Intelligence($! 34 &)
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Mo 1.
mAP : mean Average Precision

IoU : Intersection over Union
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o), Hul 1.5 % 745193, AH o2 mAPE YOLOv39ll 4] 0.63 %, EfficientNet B0l 4] 1.87 % ©]t}.
201 % Z7FekdTh 512 =719 Gl Aﬂ—b 4 719 olgst A= AT EA Q2] AHIE ol
SfjzolA &, 4 e oA YR ATt AT A g FE5A A s dERdTh X3 7
AATE AEE= FE2s FAlA Hd 623 %7t S S e TR AL ke A719) G4
stgom, FUa GallME 21%Y A= ATt gl A7]eA 5 Q3w s wolal, oy AT
Atk AAA R FrHEo] HAFHTE H7]) wid S Te 2ARA AgE o] vhkst xloA oA

= 134 % S7FFATE 608 A 71M % 5 A el = 9SS ERlshE Aol

Table 4. Per class results on substitution augmentation

Aqa | Alzsz e

21 | HEAF | B © D E F G H mAP
x 648 | 89.15 | 6943 | 7923 | 8162 | 7574 | 7508 | 7593 | 7637

He @) 6931 | 8955 | 7046 | 8609 | 8406 | 7832 | 73.58 | 757 | 7838
x 6912 | 89.17 | 719 | 825 | 8429 | 772 | 7671 | 758 | 7843

o ® 69.08 | 90.06 | 71.16 | 88.02 | 8746 | 8343 | 7461 | 7437 | 79.77
X 7142 | 8952 | 7442 | 83.63 | 8269 | 7429 | 7793 | 7522 | 7864

o o) 6761 | 90.66 | 7413 | 87.63 | 87.92 | 8141 | 77.52 | 80.79 | 80.9
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Table 5. mAP results on different neural network
architectures

g

f=]=]]
= 37|

mAP

0o rlor

2 oA

1
I oY

RetinaNet 512 53.75

RetinaNet 512 55.35

YOLOV3 512 76.97

YOLOV3 512 77.60

EfficientNet BO 416 64.02

O X |O|Xx]|O]|X

EfficientNet BO 416 65.89
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