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[Abstract]

Obstacle detection in blind spots has emerged as a critical challenge due to the increasing adoption
of Automated Guided Vehicle (AGV) and Autonomous Mobile Robot (AMR) systems in modern
industrial environments. While conventional ultrasonic and single-bounce LiDAR sensors exhibit
limitations in complex environments, Two-Bounce LiDAR offers higher detection precision but faces
challenges such as high cost and limited diversity in training data. To address these challenge, this
study proposes a framework that combines Two-Bounce LiDAR with Digital Twin simulation to
generate synthetic data under various scenarios. Object detection models trained with this data achieved
an average detection accuracy of 92.5% in environments including blind spots, with an average
improvement of 14.67 percentage points in accuracy and 15.69 points in Fl-score compared to models
trained only on normal-environment data. These findings demonstrate that the proposed framework
effectively overcomes data collection limitations and significantly enhances the safety and reliability of
AGV and AMR operations.
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1.2 Two-Bounce LiDAR Data Generation System
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IV. Experiments

1. Experimental environment
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Table 2. Accuracy According to Four Experimental Configurations

Train scenario non-blindspot-environment mixed-environment

Squeeze Efficient Mobile Squeeze Efficient Mobile

Test case Net Net NetV2 Net Net NetV2

. Accuracy 90.50 95.00 97.00 96.00 97.50 98.50
non-blindspot

~environment F 0.9043 0.9375 0.9700 0.9600 0.9750 0.9850

score

. . Accuracy 79.50 72.00 82.00 86.00 98.50 93.00
mixed-enviro

nment SCF;re 0.7885 0.6980 0.8185 0.8599 0.9850 0.9308

Aol AHH 85 24191 10 epoch= £7] ARl E7F £ &Aoet =3k 3¢

o stg FA R AT 459 It F2 uier, = He AsPh At Ae BoEH
50 T ACR wURolt. AAlz vHA, Ao mee]

Fig. 80l &olgh 4 Q1%=0], Train Loss®} Validation Bl dh&5o Z715t 2

Losse Algteog Fe LFoA Hrxoz Lfsk=  HolH

HES HBon, o2 Edf 10 epoch UQJoflA shso]  Hetw

Mo s YrEdES HUY 4 At o

a

42 Bl2Pe ), AR &
—e— Train Loss 7001]}\1% Igﬂ' 7?)];—‘5 7]_17_'3‘ Q}: 1467%}3, Fl—SCOFe 7]_17_'3‘
Validation Loss
O 2= oF 15.69%p2] 4 Fo] 7]Z5E o], Aok HloJE]
Aol &

=
200 thgt et 5 A

0.35

I
ba)
Al

<

l—D:

X
el

Table 3-& blindspot-environment Test caseof|A] &t
5 7749 Apolo] met Bl /50| ofEA HIs=AlE

gefst 7o, sl HIAEE ¥t Alu] e 2gE 3

et | F AT HAP] of2 2 AR AN A5 S 5
o=

o a2

¢ y f° B Koz Basp] o5 dxa 4=t AAA
bS]
o

Epoch

_hl; _ ; A wdlo] o
Fig. 8. Training and Validation Loss over Epochs non-blindspot-environment o5 EEJ Oﬂ_
N

= 38.00%% & ¥MH, mixed-environment &h& 2L
odl g5 Hyetr(Accuracy)Qt Fl-scores 71&0 Ht 80.17%2] FLe s 7|S510] oF 42.17%p2] T,
vl wslolon], o] Es) Aokt myolga2HE Al & 7|E fju] 28f o]Ate] AL JjHS WALt ol2ist A

= S
J=l dlolgf7t AR skso] ojg@A] 7|ofsheAlE S0 e ARAIG oM dutet s HEE HsliME
2 gjll‘ﬂ_i} }\(-)]L SKAL §

s o ans Audos Azstud slgl ARG HolES E3d syl BARAS AL,
o). £3] & Age Algeold /v AES S8 okt Aot mey s A9 dlolelst, AlzbRItet
AR AlRl00Ie] B olA] A5-S Wolelglon] e WA WAl SN Relo] Avisl 45 b
olgfdt Az A AUele HolHg Ea s APl Ul ALAe Yjolg PSS HolEth

o mo] ule} A Aol Lokt £go] EleA| A

Ao 2 SI5IIA} 5= ZA oA L383HC) Table 3. Accuracy blindspot-environment Test case
Table 2+ 7] Yl 71A] A9 g0l Wt g7He 7] non-blindspot , ,
= 5 5 Train -environment mixed-environment
d& B"=e Fl-scoreg UEMICH Ad Az | = =
non-blindspot-environment GojE|2 s&E pElso e I e
A oA o Astz 2 "Wolx|ol LA L KI5h SqueezeNet 35.00 0.235 78.50 0.784
T oM w2 AReg BRI, 74 3Oﬂ‘t F & EfficientNet | 4350 | 0404 | 8050 | 0.800
=71 11%p o1 dashs 2uE Bt o& 3 glo] MobileNetV2 | 3550 | 0267 | 8150 | 0813




Two-bounce LiDAR Digital Twin based data generation framework for object detection in the blind spot ¢

V. Conclusion

2 =rolde AGV 2 AMR -8 5 BT 4 e
AZAY W Folke AR Mg siEsk] sl
Two-Bounce LIDAR 7|43} gx]|2 EQ 7|4t go]g| AY
A maole] a2 At /A 7Hx| A|AELS R|otslArY.
H oI I+ YRIE EY oA A EAY
o FolEe f5E 1Esh F K] AU E Al
EIRIESE i}% tlolBlE A/dsten, ol 7|vte=
S ISAA s WehE vlusilnt
33}, AR AlU2] 2 HlojE g 2gsto] oF

]—'— Normal only FL4Jo] H]sf /\P MR 74
2= B

15.69%p ‘%@H% %, Kiﬂwi cﬂo]a nmi oI5t

)
o
0,

m\l
)

|
==

e AUl o0E HIEE) oF 28] o) st
o}, APRI) N E B 80.17%0) HeEs 9lat
it ol F Bl Aot =AYt ElolE 2449 M
=Sotal AR AR A] A|A'1S] dvtel 452
BAZ 4 9o AEHoR Esta

25 ApoldE x| X180l T8t AES wisto
. 4A| SPAD LiDAR Al &0 A2] HIAES ol A
dlole 7|t 452 AEstAt ot, B B4t 54
&4, Rt 29 21, ol 4 det 5 A 34
202 vrdsh Algdlold 718t Y-S &AL, 2
T2} Transformer 7|8 1A% @Elo] &l ol HEJAIA]

8% 71Ue @8slol 1877 239 on| Juwgt @

oSL‘ rulm

I-HJ

ACKNOWLEDGEMENT

This study was supported by the Korea
Institute of Industrial Technology
(KITECH-JE250012), the Korea Planning&
Evaluation Institute of Industrial Technology
(KEIT) (RS 2024-00507879), and the Ministry of
SMEs and Startups (MSS RS-2023-00225527).

REFERENCES

[17 Y. Bekishev, Z. Pisarenko, and V. Arkadiev, “FMEA model in
risk analysis for the implementation of AGV/AMR robotic

technologies into the internal supply system of enterprises,” Risks,
vol. 11, no. 6, pp. 1-31, 2023.

[2] M. Boehning, “Improving safety and efficiency of AGVs at
warehouse black spots,” in Proc. IEEE 10th Int. Conf. Intell.
Comput. Commun. Process. (ICCP), 2014, pp. 245-249.

[3] M. Wenning, A. A. Backhaus, and T. Adlon, “Testing the reliability
of monocular obstacle detection methods in a simulated 3D factory
environment,” J. Intell. Manuf., vol. 33, no. 7, pp. 2157-2165,
2022.

[4] H-C. Yoon and T.-H. Park,

omnidirectional mobile robot using image localization sensor and

“Auto-parking controller of

ultrasonic sensors,” J. Inst. Control, Robot. Syst., vol. 21, no.
6, pp. 571576, Dec. 2015. (in Korean)

[5] Z. Qiu, Y. Lu, and Z. Qiu, “Review of ultrasonic ranging methods
and their current challenges,” Micromachines, vol. 13, no. 520,
pp. 1733, 2022.

[6] T. Klinghoffer, X. Xiang, S. Somasundaram, Y. Fan, C. Richardt,
R. Raskar, and R. Ranjan, “PlatoNeRF: 3D reconstruction in Plato's
cave via single-view two-bounce LiDAR,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. (CVPR), 2024, pp. 14565~
14574,

[7] D. Lee, M. Jung, and W. Yang, “LiDAR odometry survey: recent
advancements and remaining challenges,” Intell. Serv. Robot., vol.
17, no. 2, pp. 95-118, 2024.

[8] R. Geng, Y. Hu, and Y. Chen,

non-line-of-sight imaging: Conventional physical models, deep

“Recent advances on

learning, and new scenes,” APSIPA Trans. Signal Inf. Process.,
vol. 11, no. 1, pp. 1748, 2022.

[9] B. Wang, S. Li, Z. Wang, and Y. He, “Human digital twin in
the context of Industry 5.0,” Rob. Comput.-Integr. Manuf., vol.
85, article 102626, 2024.

[10] S.-H. Shin and M.-C. Park, “Design of an exploration drone for
digital twin-based building control,” J. Korea Soc. Comput. Inf.,
vol. 26, no. 5, pp. 9~16, May 2021.

[11] S. Mihai, G. Prelipcean, A. Candel, and F. Sandu, “Digital twi
ns: A survey on enabling technologies, challenges, trends and
future prospects,” IEEE Commun. Surveys Tuts., vol. 24, no. 4,
pp. 2255-2291, 2022.

[12] A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun,
“CARLA: An open urban driving simulator,” in Proc. Conf.
Robot Learn. (CoRL), PMLR, 2017, pp. 1-16.

[13] S. Shah, D. Dey, C. Lovett, and A. Kapoor, “Airsim: High-fidelity
visual and physical simulation for autonomous vehicles,” in Field
and Service Robotics, Springer, 2018, pp. 621-635.

[14] D. A. Guerra-Zubiaga, A. K. M. M. Islam, and A. P. Cusworth,
“Digital twin in a manufacturing integrated system: Siemens TIA
and PLM case study,” in Proc. ASME Int. Mech. Eng. Congr.
Expo., vol. 59384, 2019.

[15] N. V. Zorchenko, T. G. Tyupina, and M. E. Parshutin,



10  Journal of The Korea Society of Computer and Information

“Technologies used by General Electric to create digital twins
for energy industry,” Power Technol. Eng., vol. 58, no. 3, pp.
521-526, 2024.

[16] C. Henley, J. Hollmann, and R. Raskar, “Bounce-flash LiDAR,”
IEEE Trans. Comput. Imaging, vol. 8, pp. 411-424, 2022.
[17] S. Scholes and J. Leach, “Path tracing-inspired modeling of
non-line-of-sight SPAD data,” Sensors, vol. 24, no. 20, article
6522, Oct. 2024.

M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L. Chen,
“MobileNetV2: Inverted residuals and linear bottlenecks,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
2018, pp. 4510-4520.

F. landola, S. Han, M. Moskewicz, K. Ashraf, W. Dally, and
K. Keutzer, “SqueezeNet: AlexNet-level accuracy with 50x fewer

[18

[}

—
—
O

—

parameters and <0.5MB model size,” arXiv preprint,
arXiv:1602.07360, 2016.

[20] M. Tan and Q. Le, “EfficientNet: Rethinking model scaling for
convolutional neural networks,” in Proc. Int. Conf. Mach. Learn.

(ICML), 2019, pp. 6105-6114.

Authors

Jae-Hun Hwang received the B.S. degree in
Smart Convergence Engineering from

Hanyang University, ERICA, in 2023. He is

currently pursuing the M.S. degree in

l» . Artificial Intelligence Convergence at

Hanyang University since 2024. His research interests include
digital twins, AR/VR,

systems.

robotics applications, and process

Seung Yeop Ha received the B.S. degree in
Display Engineering from Dankook University
in 2022. He 1is currently pursuing an
integrated M.S.~Ph.D. degree in Industrial

Management Engineering at Korea University

since 2024. His research interests include explainable AI and

digital twins.

- 2023, he has been a researcher at the
‘ 2 . Manufacturing Al Research Center, Korea

Institute of Industrial Technology. His research interests

Jun-Seok Yun received the M.S. degree in

Artificial  Intelligence  Convergence from

Chonnam National University in 2023. Since

include image super-resolution, semantic segmentation, defect

detection, and anomaly detection.

™ Min Su Kim received the B.S., M.S., and
Ph.D. degrees in Electronic Engineering from

L / POSTECH, in 2014, 2016, and 2022,
respectively. Since 2024, he has been a

senior researcher at the Korea Institute of

Industrial ~ Technology. His research interests include

data-driven defect analysis, signal processing, and deep neural

networks.

Sanga Lee received the B.S., M.S., and Ph.D.

degrees in  Mechanical and  Aerospace

Engineering from Seoul National University,
in 2010, 2012, and 2017, respectively. Since

‘ ‘ 2019, she has been a principal researcher at

the Korea Institute of Industrial Technology. Her research

interests  include artificial intelligence and simulation

integration.

Jong Pil Yun received the B.S. degree in
Electrical and Electronic Engineering from
Kyungpook National University in 2003, and
the Ph.D. degree in Electronic Engineering
from POSTECH in 2009. From 2009 to

2016, he was a senior researcher at POSCO. Since 2016, he
has been a principal researcher at the Korea Institute of
Industrial Technology. His research interests include artificial
intelligence, machine vision, defect inspection, equipment

diagnostics, and medical data analysis.

Hong-In Won received the Ph.D. degree in
Mechanical Design Engineering from Hanyang
University in 2017. Since 2017, he has been
a principal researcher at the Korea Institute

of Industrial Technology.

His research interests include artificial intelligence, data
mining, digital twins, and automatic control of manufacturing

systems.



