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ARTICLE INFO ABSTRACT

Article history: A zero-shot Sim2Real transfer framework is developed, in which autonomous
Received 11 October 2025 driving intelligence is trained entirely within a high-fidelity NVIDIA Isaac Sim
Revised 18  November 2025 . . . . :
Accepted 19 November 2025 V1rtu?11 twin environment and deployed directly on a physmal auFonomous
mobile robot (AMR). Two core models, a YOLOv8-based line-detection model
and a CNN-based LiDAR localization model, were developed for navigation.
Both were trained using synthetic sensor data generated solely in a virtual
environment without real-world data collection. The trained models were
applied to a real differential-drive AMR without additional calibration or
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Is.aac sim fine-tuning. Real-world experiments in a warehouse environment showed that
SimZReal the proposed system achieved stable line-following and reliable global pose
Virtual twin estimation and performed at a level comparable to or exceeding that of the ROS2
AMCL baseline. These results demonstrate that virtual-twin—-based simulations
can effectively support the direct deployment of Al models to real AMR
platforms, reduce the development time, and minimize the physical data
acquisition demand.
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Fig. 1 Virtual twin environment implemented in NVIDIA Isaac
Sim
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2.3 Dataset Generation for Line Tracking
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Fig. 2 Sample images of instance-segmentation dataset for line
tracking
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Fig. 3 Example of labeling results generated using Roboflow
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Fig. 4 Example of LiDAR dataset collected in Isaac Sim for
localization training
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Fig. 5 YOLOvS8-based line segmentation and centerline extraction
result in Isaac Sim
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Fig. 6 Training loss curves of YOLOvVS8 model
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Fig. 7 Precision-recall curve of YOLOvVS8 segmentation model
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Fig. 8 Proposed CNN model based localization

Table 1 The training results of various CNNs
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CNN structure R, RMS RMS
(input-hidden (validation | position heading
layers-output) accuracy) | error [m] error [°]
360-128-64-32-32-16-3 0.941 0.034 2.097
360-256-128-64-32-16-3 0.967 0.029 1.872
360-256-128-64-64-32-3 0.974 0.026 1.815
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Fig. 9 Real-world warehouse test field and AMR platform used
for Sim2Real validation
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Fig. 10 Segmentation results of YOLOv8 model in real-world
line-following experiment
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Table 2 LiDAR range accuracy validation(0.5-10.0 m)

Table 3 Sample results of the proposed CNN-based localization

Distance | Samples [Mean range| Bias Std RMSE model
(m) (N) (m) (m) (m) (m) GT(x, y) |Proposed CNN | CNN position | CNN heading
0.5 50 0.498 -0.002 | 0.006 0.006 [m] (x, y) [m] error [m] error [°]
1.0 50 0.99 -0.01 0.007 0.012 (2.50,0.00) (2.52, 0.01) 0.022 2.16
1.5 50 1.501 0.001 0.008 0.008 (2.50,2.50) (2.53, 2.49) 0.032 -2.08
2.0 50 1.989 -0.011 0.01 0.015 (0.00,2.50) (-0.01, 2.52) 0.022 -1.23
2.5 50 2.503 0.003 0.01 0.01 (1.25,1.25) (1.26, 1.22) 0.032 1.26
3.0 50 2.995 -0.005 | 0.009 | 0011 (3.00,1.25) (3.02, 1.21) 0.045 228
3.5 50 3.499 -0.001 | 0.009 | 0.009 (1.25,3.00) (1.27, 2.99) 0.022 -1.37
4.0 50 3.989 <0011 | 0011 0.016 (3.00,3.00) (2.99, 3.02) 0.022 218
4.5 50 4.495 -0.005 0.01 0.011
5.0 50 4.98 -0.02 0.012 0.023 Table 4 Sample results of ROS2 AMCL-based localization
55 50 5.486 -0.014 0.011 0.018 GT(x, y) AMCL AMCL Position | AMCL Hediang
6.0 50 5.991 -0.009 0.01 0.013 [m] (x, y) [m] Error [m] Error[°]
65 50 6.493 0007 | o011 0013 (2.50,0.00) | (2.47, -0.04) 0.050 2.10
70 50 6.98 0.02 0012 | 0.024 (2.50,2.50) | (2.55, 2.57) 0.086 1.24
75 50 7491 0,009 0.01 0013 (0.00,2.50) | (-0.02, 2.60) 0.102 2.06
8.0 50 7982 20018 | 0012 | 0021 (1.25,125) | (1.29, 1.33) 0.089 2.75
85 50 §.487 0013 | 0012 | 0018 (3.00,1.25) | (2.93, 1.33) 0.106 -1.94
9.0 50 8.982 -0.018 0.012 0.022 (1.25,3.00) (1.32, 3.05) 0.087 2.48
9.5 50 9.486 -0.014 | 0011 0.018 (3.00,3.00) | (295, 2.92) 0.094 -2.28
10.0 50 9.985 <0015 | 0012 | 0.019
Table 5 Sample results of ROS2 SLAM toolbox-based localization
Gl £ ASE dehiel, 49 A B AT edawg T Y e e atane oo L]
ICTE|)= 4.88 pixel, 2T} ©x{Max |CTE|)= 20.48 pixel® = (2.50000) | (245, -0.03) 0.054 Sl
BEIN. ol= AAl #7801 YOLOV8 78 B8 AAH PD (250250 | (2.57, 2.59) 0.108 201
Alol719] 2ol HARI TRl 2T Hesa +Te HolEth (0.00,2.50) | (0.03, 2.63) 0.134 281
(1.25,1.25) | (1.31, 1.34) 0.108 2.84
4.3 2lo|c} 9% olAl Al (3.00,1.25) | (2.92, 1.36) 0.132 251
A31e Fig. 99} 7] 2233 UHo] 28] 7992 25mx 2.5 m (1.25,3.00) | (1.33, 3.08) 0.112 1.95
2719] AR rid) T2, 7F Al thet A S (ground (3.00,3.00) | (2.94, 2.88) 0.126 2.13
truth) & 7|F02 o3 x5 Hlasiirt. HA AMROY 2k Table 6 Comparative summary of localization accuracy
LiDARY] 78] &4 g A2}y g3t AdS 48590, between the proposed CNN model, ROS2 AMCL and
10 m A2 77N AL 2 cm, FUE(FZHDHE 1 om SLAMTOOLBOX
olat2 UERJT} Table 2= A3 Ayte] YBE A A|skt Evaluation parameter C;rl(\)lp?szgel fﬁii SL All\{/lotif)lbox
H| 3 thA} o2& ROS20A Wo] AHEE Adaptive Monte RMS X error [m] 0.018 0.059 0.084
Carlo Localization(AMCL)¥} Graph-SLAM 7|4t HFAlQ] RMS Y error [m] 0.021 0.052 0.089
SLAM ToolboxE Alelstqich & ¥ =% Z|= 7[dkscan-  RMS position error [m]|  0.028 0.088 0.112
matching 7|¥F =+ particle-filter 7|¥F) Localization 7]§2&,  RMS heading error [°] 1.79 2.12 2.36
%7] 9(initial pose)S FQE 3t ALAQ ermEY Y
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Fig. 12 Extended validation scenario constructed in the Gazebo
simulation to assess the generalization ability of the
proposed CNN-based LiDAR localization model

Table 7 Localization accuracy of the proposed CNN model
evaluated at unseen robot poses in the Gazebo
simulation environment

Gazebo (%, y) | Proposed CNN | CNN position | CNN heading
[m] (%, y) [m] Error [m] Error [°]
(12.50,0.00) | (12.51, -0.01) 0.014 -1.53
(12.50,2.50) | (12.49, 2.53) 0.032 2.08
(10.00,2.50) | (10.01, 2.47) 0.032 2.02
(11.25,1.25) | (11.25, 1.23) 0.020 -1.41
(13.00,1.25) | (12.98, 1.24) 0.022 1.97
(11.25,3.00) | (11.24, 3.01) 0.014 1.75
(13.00,3.00) | (13.01, 3.02) 0.022 2.18
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A CNN 2l
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Fig. 13 ROS2-based integrated driving architecture
autonomous mobile robot
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