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[Abstract]

In this paper, we propose a discussion that the feasibility of deploying a deep learning-based detector
on the resource-limited board. Although many studies evaluate the detector on machines with
high-performed GPUs, evaluation on the board with limited computation resources is still insufficient.
Therefore, in this work, we implement the deep-learning detectors and deploy them on the compact
board by parsing and optimizing a detector. To figure out the performance of deep learning based
detectors on limited resources, we monitor the performance of several detectors with different H/W
resource. On COCO detection datasets, we compare and analyze the evaluation results of detection
model in On-Board and the detection model in On-GPU in terms of several metrics with mAP, power
consumption, and execution speed (FPS). To demonstrate the effect of applying our detector for the
military area, we evaluate them on our dataset consisting of thermal images considering the flight battle
scenarios. As a results, we investigate the strength of deep learning-based on-board detector, and show

that deep learning-based vision models can contribute in the flight battle scenarios.

» Key words: Object detection, On-GPU Neural Detector, On-Board Neural Detector, Quantization,
Military aircraft detection, Model Deployment

» First Author: Du-Hwan Hur, Dae-Hyeon Park, Deok-Woong Kim, Jae-Yong Baek,
Corresponding Author: Seung-Hwan Bae
*Du-Hwan Hur (gjenghks@inha.edu), Vision & Learning Lab, Inha University
*xDae-Hyeon Park (saintPalite2221@inha.edu), Vision & Learning Lab, Inha University
*Deok-Woong Kim (k5000plus@inha.edu), Vision & Learning Lab, Inha University
** Jae-Yong Baek (jy1213@inha.edu), Vision & Learning Lab, Inha University
*x*xx Jun-Hyeong Bak (junhyeong.bak®@lignexl.com), PGM Seeker R&D, LIG Nex1 Co., Ltd.
*x*xxSeung-Hwan Bae (shbae®@inha.ac.kr), Vision & Learning Lab, Dept. of Electrical and Computer Engineering,
Inha University
» Received: 2024. 06. 18, Revised: 2024. 07. 05, Accepted: 2024. 07. 09.

Copyright © 2024 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



158

Journal of The Korea Society of Computer and Information

(2 2
 =dAe AdkE A4S 7H HEoA Hed 7wt AE7] Sl digk Ad 7sAde
el =ojdity. Be AFolM 14T GPU AN HEVES FrlsAT, Algkd Aak Al
71zl HEd A9 |yt o735 mlulsit) whEba] 2 04?011/‘1L AZ71E st HAs)sh=
Aoz nEo |y Vit A&V|E FEsta FEeh AldkE AdedAe] Hed 7uk HE7)
o] Aes s all, 98 HAEVIE TS st=do] AYellA BUE®EEtal, CcoCo HE
Jo]E] Aol Al On-Boardol Al A% =27 On-GPUY| & EES mAP, 18 AR A £&
(FPS) #Ho = nlu 2 FAgth 8|3 AL 2okl AE7|E 483 avE adshy] s 3
T AT AU E 18T F dE E3 oluAR FAHE AA HolE AldA HEVE Bt
ARAHo R = B ATE AE719

3k, S
AR 2ARRT, A A Hel

ZHof: 243

v

A=, 2C6PU Hald 7|8 HE7|

I. Introduction

11_,] EG]J 50] Oi = }\-]L 71
Riia ele cipA L A= 1 kS L
7= 28 GPU (Graphics
gr4(o]st On-GPU)oIA HIAE =[]

TAL ndo Aasie 7o 751

2 714 £9] o]

Processing Unit) &t
oh. AR SN 1
H AR, Eﬂ"* 3719 A, =

l_.

:10 t\
55

ol 2XI% ol2ep] 9ol ATiRoz we 714,
2 7FX] On-Boardoj]A] 2@-& =235}
SHpE 2 4 9k sl
AR 222 sP]ole B 5
2t} t2tA On-Board E2id ZE& AALE
sH7] YsliAE EB2id 22of 71X]X]7](Pruning),
(Quantization) 9] &]A3sHOptimization) 7] [1, 2, 3]
= Foid 220 A&gozn Fdt g4 22 74
2o} A7 it shR|gt oj2ist A|Klgt e el
weo] 7= J15A] HRE AT Ael] T
of B8 A&E=S FaAE 4 Qo T2t On-GPUOA
o e %23} On-BoardolAlo] B 22 1) %
Aol gastt. shr|RE 24 A-tollA= On-GPUO|A]
we %23} On-Boardo|Me] 2& %2 7ho] £Ajo] 1]
% vlRlsict. vl= [4, 5]eF o] Y% On-BoardoflA
71 dejd 2d B Aut Qo) =8 A =2
99 2egke 4 705 el Aot e

o A2 330l Agd 4 9o

ot ohje} ollgap] ojete &
0 BN F/0RES

C
rlo

ol
rr
i)

ox ! A

re

=
T
} Lk
~
=

o)

19

O
L.
A=A
oo™

=,

1

i}

=

11O
BT
o

a1

=
T
07(

LT

E

53l On-Boardol| 4] &.2-S ngo}_u, gerg 7|
3

A=
&7l 4g 22 15

0]X|(RGB Image)7t 7}1\]%}/]\_ o]
3704 AR Aldst=g] F|5HA o] x|l

ol lgt, Qe ololx]
L Aee JAe] o] Axe BN ﬂw
F25] AMEE 5 ol (6] by Qe ojojals

27 wslo] thgo] Bagh TA o} Sl %%%q.
olg Sof F-15K9] 729 B4 x| L 252 o) Wat
X ZHleb ARSI, (7]

o
o
o
re
i

35 e wo] A Aol At

g
S 320 58N WE

Ir e
A

20
2 oft JW 4
o o

e

Dot gick e Ao Gerd Bl
2 yaElojo} st A9, 714, A1
15}l On-Board of|A] Aajsh= 713
A ol2igh Alghe oA &
5171 9lall, & Aol o2t 7*01 74%713
48 2 Bl sk

(1) On-GPU B84 221 On-Board E2d 22 7F
9] 45 Atolg &Rlsh] sif COCO HlolE Al 7|¥te
2 77 4% =g Hlshn BAgic
(2) AR AV A B2t Baby ololal2 P
clolg Al Ade Boll = BEoA 2| A 4

2
20aa2 o
71&9]

el J
T

fi

S
[e]

o

A
v O fE
e |

.y
IR

v
7o) et A8 Tt

-

=

e A%



Object Detection Performance Analysis between On-GPU and On-Board Analysis for Military Domain Images 159
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III. Methods
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Fig. 1. Model Converting Process

2. Optimizing the model for NPU
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Fig. 3. Comparison before and after applying parsing in [13]

IV. Experiments
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Table 1. Detailed comparison On-GPU YOLOX with On-Board YOLOX on COCO validation set
o Power
Model Parameters mAP (%) 1 Consumption(W) | FPS (Hz) 1
YOLOX-Tiny 5.1M 34.8 108 455
On GPU
YOLOX YOLOX-S 9.0M 39.2 127 470
YOLOX-M 25.3M 46.2 208 438
YOLOX-Tiny 5.1M 320 (-2.8% ) 224 (-979% ) 82.9
On Board N N
YOLOX YOLOX-S 9.0M 38.6 (-0.6% .) 2.79 (-97.8% \) 75.5
YOLOX-M 25.3M 455 (-0.7% ) 3.30 (-98.4% ) 450
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2. Datasets
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Table 2. Hardware Specification

Type Hardware Specification

Intel Xeon Scalable

On-GPU CPU Gold 6330 2ea
YOLOX RAM DDR4-3200 1TB
GPU NVIDIA RTX A6000 48GB
CPU | Arm Cortex A72 2Ghz
On-Board RAM DDR4-3200
YOLOX ECC/REG 64GB

NPU | Hailo-8 (26 TOPS)

5. Analysis on Fighter Plane Battle Scenarios
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Table 3. Evaluation Results of On-GPU YOLOX on
Fighter Plane Battle Scenarios Test Datasets

Model Test Size mAP | FPS 1
) 416 28 615
YOLOX-Tiny 256 193 64.6

Fig. 4. Qualitative Results on Our Flight Test Datasets
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V. Conclusion
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