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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.
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B Aof]Al= On-GPU ¥ On-Boardo] BT H2id
719k Al A& 71&o] disl 47Hskal, On-Board}
On-GPU 7t} &folof] tfs] AP A-Lel Uf-&ofl tiish 271
ghet,

1. Object Detection

74| 71&(Object Detection)& ©o]0]x|7} ZojA o,
7ZBH19] ZYPAS B-F(Classification)st 7
(Locahzatlon)§ ?%6}5 AL disict x| AsS
4 AP elstel 2] 7hsAol 9
=< (Proposal)§ *E*é it} o172 47 EA(Anchor
box)2hil 5tal, PHE AHEShH= AE7IE @
7](Anchor-based Detector)etil 3t} A&E7|= 0371 gt
AF 7|9tog Ax9] F At FA RS FES. o
2ZM, Faster R-CNN [8]2 Region Proposal Network
2 55} 2R 8 o2 ol5stn, dj5E dolold
71 H]—/\E. o]_Q_OH 7Hx]4 5_31/\ _LL]-H:] 1:|1 7H7\] /\]-;q}_
ATh YOLOW (9l ololxlz 94 3719 dels
(Grid)2 L 2, 7 22]Enjc} 97 9PAg A}88) 734
Sl phg 9 AR ARlE mA

SRR 7 79 AE710] 249, AR K 4
(Positive sample)= A40|H, 1 ﬂ% Negative sample
o] TRl 3k A| ZeHA 23Y SAVE W 2 ol
E5F 7] Ha A3 B2 WAS 2 97| o] B
U AR Al W= Aslg 0o 4 9w, E3 WA H47t
fob4g Bo) Bites} Svbeh

ol ZAE &iEsk] gt A =g
(Anchor-Free Detector)w= 1A% oBAH WA S A}E51A]
O o]l SR 2RE| AR AH) Zahac) A7 At

72 APRelsks Tl

57| dizofl 71 37
ToME ¥ =]
gdez  Ad7dst,

o
1o A3R5
Mg Sa8sitt

>4

pal 7<7]

55t Yol o2 $4 ©
S 3] Al o] ghAS
1o 75710 g sjadich £ o
4&710 YOLOX [102 &AM
On-GPU2} On-Board 7t°] H]i

E)

O 7.
o
AR A
o

19 g

o

=2

_]

d
oY ru
up ©

ro,

\=]
v

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
AR AR e Lest] sl Bel olulA] 718t O
olE] AloJA 2% On-GPU YOLOXE #7IRict %712
Hall F5 B2} doly S Argsh g7t Blug 9
ol $-2l= On-GPUOA YOLOX-Tiny 222 AHEs|
7Fettt. Table. 304 &I 4 Ql%0], ¥ oJu]A] 2
717} 256x256 et v]wsl, Y olu|x] 27|17 416x416
2w mAP7} 23.5% © A Fteke g AL 4 9
A5k, FPSE 4.7% 744519k ol ¥ ojujrle] 37
7t 75 Hetwo] 2 RS AT Ze Uehdc
o= S5k, 256x2569] 7] ofulA|ofA k. Ab
719 AN dEE 4 A= Fig. 404 Y #oF of
Uzt 60 T2l oj4fe] whe £B 42 71A1 glo] Al
Al A7 Agolld Be2d 718 FE717F abAo]al AA|

229 75 AY 71540 £ 4 9ee Uehdch

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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