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Abstract— We present a Highbay vehicle navigation
framework that combines photorealistic simulation, ob-
stacle detection, and obstacle-aware planning and control.
The system uses a 3D Gaussian Splatting (3DGS) digital
twin with Gazebo vehicle dynamics, estimates obstacle
locations from RGB-D sensing, and plans safe detours
using a hierarchical replanning pipeline. A high-level
replanner generates collision-free trajectories, while a
low-level Stanley controller tracks the selected path. We
evaluate the pipeline in simulation and on the physical
GEM e4 vehicle in the Highbay environment.

I. INTRODUCTION

Autonomous navigation in the Highbay environment
requires both realistic testing conditions and safe ob-
stacle avoidance. Direct hardware testing is limited
by safety and repeatability, and the default Gazebo
simulator camera does not closely match real visual
observations. To address this gap, we build a digital-
twin-based navigation pipeline that combines Gazebo
vehicle dynamics with a pose-conditioned 3DGS ren-
derer [1].

On top of this simulation framework, we implement
RGB-D obstacle detection and a hierarchical planner-
controller that generates and tracks safe detour trajec-
tories. The goal is to use the reconstructed environment
not only for visualization, but also as part of a closed-
loop navigation workflow that can be evaluated in
simulation and transferred to the GEM e4 platform.

II. RELATED WORK

A. Simulation Platforms for Autonomous Driving

Simulation is widely used in autonomous naviga-
tion because it enables safe, repeatable testing before
hardware deployment. Conventional simulators such as
CARLA [2] provide controllable environments, vehicle
models, sensors, and weather conditions for evaluating
autonomy algorithms. However, these environments are
typically built from manually designed assets, which
may not match the appearance of a specific real-world

deployment site. This sim-to-real visual gap is espe-
cially important for camera-based perception, where
performance can depend strongly on lighting, texture,
and scene appearance.

Recent work has moved toward data-driven and real-
to-sim simulation. VISTA 2.0 [3] synthesizes sensor
feedback from real driving data for policy learning
and evaluation, while Waymax [4] provides large-
scale data-driven simulation for multi-agent driving
scenarios. Neural rendering methods further improve
visual realism by reconstructing environments directly
from captured data. For example, DrivingGaussian [5]
applies 3D Gaussian Splatting to dynamic driving
scenes. Our project follows this real-to-sim direction
in the Highbay environment: Gazebo provides vehicle
dynamics and state updates, while a 3DGS reconstruc-
tion provides a more realistic front-camera stream for
perception and navigation.

B. Autonomous Navigation Pipelines

Autonomous navigation systems are commonly or-
ganized either as end-to-end policies or modular
pipelines. End-to-end methods directly map sensor ob-
servations to control commands, as in early vision-
based steering systems [6] and later demonstration-
based approaches such as ChauffeurNet [7]. These
methods can reduce manual design, but they often
require large datasets and can be difficult to interpret
or debug, especially in rare or safety-critical scenarios.

Modular systems instead separate perception, plan-
ning, and control. This structure makes each component
easier to validate and improves debuggability when
transferring from simulation to hardware. Our project
follows this modular design: RGB-D perception esti-
mates obstacle positions, the replanner generates a safe
local detour, and the low-level controller tracks the
selected trajectory. This allows the 3DGS simulation,
obstacle detection, replanning, and tracking modules to



be evaluated separately before closing the loop on the
GEM e4 vehicle.

III. METHODS

The proposed system has three components. First, a
3DGS-based digital twin provides photorealistic front-
camera images while Gazebo maintains the vehicle
dynamics and state updates. Second, an RGB-D percep-
tion module detects semantic obstacles and estimates
their relative positions for planning. Third, a hierarchi-
cal navigation module performs collision avoidance: the
high-level replanner samples feasible detour trajectories
around obstacles, and the low-level Stanley controller
[8] tracks the selected trajectory using steering and
speed commands.

We evaluate the pipeline through three compo-
nents: visual simulation, obstacle detection, and navi-
gation performance. The 3DGS simulation is compared
against real Highbay images, obstacle estimates are
checked against ground truth or RViz visualization, and
the replanning controller is evaluated using tracking
error and obstacle clearance in both simulation and
GEM e4 hardware experiments.

IV. PHOTOREALISTIC DIGITAL TWIN

We created a photorealistic digital twin of the High-
bay test environment to provide more realistic visual
input than the default Gazebo simulator, while reducing
the need for repeated GEM e4 hardware testing.

A. Video Collection

We recorded approximately 50 minutes of video
using two handheld smartphone cameras and selected
around 2,000 frames in total for training 3DGS.
These frames were chosen to provide sufficient view-
point diversity and scene coverage for the subsequent
COLMAP-based camera pose estimation and scene
reconstruction pipeline.

B. LiDAR Point Cloud Combination

We built a 3D point cloud map of the Highbay
environment using pre-recorded GEM e4 LiDAR and
GNSS data. We used the lane 2 recording because
it covers the Highbay in a full loop, containing 651
LiDAR sweeps over 65 seconds with roughly 75,000
points per sweep.

We first calibrated the ego-to-LiDAR rotation Rle.
Pitch and roll were estimated by fitting ground planes to
the LiDAR scans and aligning the average ground nor-
mal with the ego frame’s +z axis. Yaw was estimated

by comparing ICP-based LiDAR motion with GNSS-
derived motion over a straight segment, where the
GNSS heading was computed from finite differences of
the (x,y) positions. The resulting calibration was yaw
178.3◦, pitch −1.4◦, and roll 0.5◦.

To combine the scans, we registered consecutive
LiDAR sweeps using KISS-ICP [9] and fused the
relative ICP poses with GNSS positions in a GTSAM
pose graph [10]. The graph was constructed in SE(2),
with each frame represented by (x,y,φ) and the 6-DoF
ICP estimates projected to planar relative factors. This
planar formulation is appropriate because the LiDAR
mount tilt is already absorbed by the calibrated Rle.
The noise parameters are listed in Table I; ICP factors
during sharp turns were down-weighted by scaling their
noise by (1+4|ω|). Loop closures were also tested, but
they did not noticeably improve the final map and were
omitted.

Factor σ

Anchor (frame 0) 0.001
GNSS xy 0.1
KISS-t 0.1
KISS-rot 0.3

TABLE I: Noise parameters used for pose graph opti-
mization.

Fig. 1: Left: Combined LiDAR point cloud visualiza-
tion. Colored using the height value. Right: 10 selected
frames’ point cloud. Each frame is given a different
color.

Fig. 1 shows the combined LiDAR point cloud.
The visualization clearly resembles the Highbay en-
vironment, with the north-facing wall of the building
clearly visible. However, residual yaw smear can still be
visible, especially on distant objects. This is acceptable
downstream because 3DGS optimizes Gaussian posi-
tions against the input images, so small inconsistencies
in the seed are absorbed during training.

C. 3DGS Training

We trained a 3D Gaussian Splatting model to repre-
sent the Highbay environment as anisotropic Gaussian



primitives. To obtain a metric and well-aligned initial-
ization, we used the combined LiDAR point cloud as
the main seed for the Gaussians.

Since the smartphone videos did not provide camera
poses, we estimated frame poses using COLMAP-
based Structure from Motion (SfM). The COLMAP
reconstruction is defined only up to an arbitrary sim-
ilarity transform, so we aligned its sparse point cloud
to the LiDAR map using a Sim(3) transformation con-
sisting of rotation, uniform scale, and translation. The
alignment was initialized with ICP and then manually
refined, which placed the recovered camera poses in
the LiDAR metric ENU frame.

The LiDAR map provides dense structure inside
the Highbay, but it does not cover distant objects or
the sky. Therefore, we used approximately 2 million
voxel-downsampled LiDAR points for the main scene,
346,894 COLMAP points for out-of-range structure,
and 30,000 synthetic sky points sampled from a 500 m
hemisphere. The 3DGS model was trained for 30,000
iterations using the default hyperparameters from [11],
with two modifications: densify until iter was
reduced from 15,000 to 7,000, and anti-aliasing was
enabled.

D. Integration with Gazebo

We replaced the Gazebo-rendered front camera of the
GEM vehicle with images rasterized from the trained
3DGS model. In this framework, Gazebo continues to
handle vehicle dynamics, physics, and state updates,
while the front camera image stream is generated
separately from the Gaussian Splat scene and published
via ROS. This design preserves the original simulation
pipeline while improving the realism of the visual
sensor output.

Fig. 2: Comparison between the front-camera view
rendered from the Gazebo environment (left) and in
the Gaussian Splatting scene (right).

To align with Gazebo’s scene, we applied a similarity
transformation to match the reconstructed scene’s ge-
ometry to that of the simulated highbay environment.
Once this alignment was established, the pose of the
simulated vehicle and its front camera in Gazebo were

Fig. 3: Integrated Gazebo–3DGS simulation. Top: the
Gazebo–3DGS interface, where Gazebo provides vehi-
cle dynamics and state updates while the front-camera
image is rendered from the 3DGS model.

mapped to the coordinate convention required by the
3DGS renderer. The rendered RGB image was then
published to the same ROS topic (Fig. 2). This allowed
downstream modules to use the photorealistic image
stream without modifying the rest of the software stack.

E. Object Insertion and Composition

To support closed-loop testing of obstacle-aware
navigation in the digital twin, we built a compositional
object library of seven assets: four pedestrians, each
carrying an umbrella; a traffic cone; a stop sign; and
a cube-shape obstacle. Each asset was reconstructed as
a separate 3DGS PLY from a short (∼30 s) handheld
walk-around video, using the same COLMAP+3DGS
pipeline as the main scene, and then transformed into
the Highbay frame for rendering.

Pedestrian placement via shared-frame registra-
tion. The four pedestrians were captured at the High-
bay in a separate session, whose access window only
permitted recording under rainy weather; the main
scene reconstruction was captured on a sunny day
at the same location. Because both recordings cover
the same physical site, each pedestrian’s per-object
COLMAP reconstruction shares many frames with the
main Highbay reconstruction. We use these shared
frames to estimate the similarity transform (s,R, t) from
each pedestrian’s independent frame into the Highbay
frame by a closed-form Umeyama fit on the per-image
camera centers, recovering both metric scale and the
original capture pose so the pedestrian PLY merges into
the Highbay scene at the position they were standing.

Background removal for indoor captures. The
cone, stop sign, and cube were captured indoors, away
from the Highbay, so the shared-frame registration does
not apply. We instead exploit the geometry of the walk-
around itself: the camera trajectory forms a rough ring



around the subject, so the centroid of camera centers
approximates the object center, and Gaussians beyond a
fixed fraction of the mean camera-to-centroid distance
are pruned as background or floaters. The remaining
Gaussians are imported into SuperSplat for manual
cleanup and placed by hand in the scene.

Compositional rendering. The base scene and the
transformed objects are merged into a single Gaussian
set by concatenating their per-primitive tensors. Each
object Gaussian’s 3D mean is mapped by x′ = sRx+ t,
its rotation quaternion is composed with the transform’s
rotation, and its log-scale is shifted by logs; spherical
harmonic coefficients and opacities are preserved. The
merged PLY is rendered identically to a single-capture
scene, with no runtime overhead.

A useful side effect of this design is appearance
transfer: although the four umbrella-carrying pedestri-
ans were captured under rainy lighting, when rendered
into the sunny Highbay scene YOLO still recovers them
as the person class (Section V-.2).

V. OBSTACLE DETECTION

To enable obstacle-aware navigation, we imple-
mented an RGB-D obstacle detection module that
estimates the relative positions of semantic obstacles
around the vehicle. YOLO is used to detect objects in
the RGB image, while the associated depth image pro-
vides range information for each object’s 3D position.

The detector currently focuses on three classes: stop
sign, person, and traffic cone. For each detection,
YOLO outputs a class label, bounding box, and con-
fidence score. Depth values inside the bounding box
are extracted, and the object center is projected into
3D using the camera intrinsics. The resulting obstacle
position is then transformed into the vehicle frame and
published with its semantic class for visualization and
downstream planning.

Obstacle positions are estimated only from RGB-D
data; LiDAR or point-cloud visualization in RViz is
used only as a qualitative reference to check whether
the estimated positions are spatially reasonable.

We validate the obstacle detection pipeline in three
settings: a simple Gazebo environment, the 3DGS-
based visual environment, and real-world rosbag data.
These tests check whether the RGB-D pipeline can
detect the target obstacle classes and provide planner-
compatible obstacle positions.

1) Simple Gazebo Environment: We first tested the
detector in a simple Gazebo Highbay scene with a
traffic cone and a stop sign placed in front of the

Fig. 4: Object reconstruction and insertion, one ex-
ample per registration mode (top: pedestrian; bottom:
traffic cone). Left: a frame from the walk-around cap-
ture. Middle: 3DGS reconstruction after background re-
moval, on a black backdrop. Right: the object placed in
the Highbay scene – the pedestrian via the shared-frame
Umeyama fit, the cone (and the sign and cube, not
shown) via manual placement in SuperSplat. Insets in
the left and right columns show alternative viewpoints.

TABLE II: Distance estimation results in the simple
Gazebo environment.

Object Ground Truth (m) Estimated (m) Error (m)
Traffic cone 5.04 4.96 -0.078
Stop sign 6.22 6.00 -0.225

vehicle. As shown in Fig. 5, YOLO detects both objects
from the RGB image, while the stereo-depth map
provides range estimates for their relative positions.

Table II summarizes the distance estimation results.
The estimated distances are close to the ground-truth
obstacle positions. The traffic cone has an estimation
error of -0.078 m, corresponding to approximately -
1.5%, while the stop sign has an estimation error of -
0.225 m, corresponding to approximately -3.6%. These
results indicate that the RGB-D-based pipeline can
provide reasonable range estimates for static semantic
obstacles in the basic simulation environment.

2) Gaussian-Splatting-Based Environment: We then
ran the same detector on the digital-twin Highbay
scene populated with the compositional object library



(a) YOLO detections (b) Stereo depth map

Fig. 5: Obstacle detection result in the simple Gazebo
environment. The YOLO debug image shows the de-
tected traffic cone and stop sign bounding boxes, and
the stereo-depth map provides range information for
estimating the relative obstacle positions.

Fig. 6: Qualitative obstacle detection result on real-
world rosbag data. The left image shows the YOLO
detection result overlaid on the RGB image. The right
image shows the corresponding obstacle marker in RViz
together with the point-cloud visualization.

described in Section IV-E. Despite the appearance gap
between the rainy pedestrian captures and the sunny
Highbay scene, YOLO recovers all four pedestrians, the
cone, and the stop sign at their inserted poses, providing
planner-compatible obstacle positions for the closed-
loop experiments in Section VI.

3) Real-World Rosbag Data: We also tested the
module on real-world rosbag data. As shown in Fig. 6,
the RGB-D pipeline detects a person in the image
and projects the estimated obstacle position into RViz.
Although LiDAR is not used by the detector, the
estimated position is consistent with the point-cloud
visualization, providing an initial check that the depth-
based projection is reasonable in the vehicle frame.

VI. HIERARCHICAL OBSTACLE AVOIDANCE
WITH STANLEY TRACKING

We use a hierarchical navigation architecture that
separates path generation from path tracking. The high-
level replanner generates a safe local trajectory around
obstacles, while the low-level Stanley controller tracks

the selected trajectory with steering and speed com-
mands. This separation makes the system easier to
validate: the replanner handles safety and feasibility,
and the tracker handles real-time execution.

A. Stanley Low-level Controller

Let the vehicle state be x = [x, y, ψ, v]⊤ and the
reference path be {(xr

i , yr
i , ψr

i , vr
i )}. At each control

step, the nearest reference point is selected, and the
front-axle cross-track error ey and heading error eψ =
wrap(ψ − ψr) are computed. The steering command
follows the Stanley control law

δ = clip
(

eψ + arctan
key

ks + v
,−δmax, δmax

)
, (1)

where k = 0.45 is the cross-track gain and ks is a
softening constant. The longitudinal command tracks
the reference speed vr

i provided by the replanner.

B. High-level Replanner

The high-level replanner operates in the Frenet frame
of the nominal reference path. At each replanning step,
it receives the vehicle state and a set of obstacles
{O j}, where each obstacle is represented by a center
p j = (x j,y j), radius r j, and velocity v j. In the current
experiments, the obstacles are static, so v j = 0. The
ego state is projected onto the reference path to obtain
(s0,d0, ṡ0, ḋ0).

Candidate detours are generated by sampling termi-
nal lateral offset dT , terminal speed vT , and terminal
acceleration aT over a finite horizon Th. Each candidate
is represented by a quintic lateral trajectory and a
quartic longitudinal trajectory:

d(t) : (d0, ḋ0,0)→ (dT ,0,0),

s(t) : (s0, ṡ0,0)→ (ṡT , s̈T ) = (vT ,aT ).
(2)

The Frenet trajectory is mapped back to Cartesian
coordinates as

p(t) = pr(s(t))+d(t)nr(s(t)),

where pr and nr are the reference position and normal
direction.

The planner selects the candidate with the lowest cost

J = wcJcol+wgJgoal+wℓJlat+wvJspd+w jJjerk+w f Jfeas.

Here, Jcol penalizes collision with inflated obstacles,
Jgoal encourages forward progress, Jlat keeps the path
near the nominal lane, Jspd tracks the desired speed,
Jjerk encourages smooth motion, and Jfeas penalizes
violation of speed and curvature limits. The selected
trajectory is passed to the Stanley tracker.



C. Simulation Tracking Results

The hierarchical controller was evaluated in the
3DGS-integrated Highbay simulator with multiple
static obstacles placed along the route. YOLO detec-
tions and the corresponding depth image were used to
estimate obstacle positions, which were then passed to
the high-level replanner for cost evaluation.

Fig. 7 shows the closed-loop obstacle avoidance
result. The first panel shows YOLO detections of a
person and a cone in the 3DGS-rendered environment.
The person was not present during the original Highbay
data collection; instead, it was inserted into the scene
as a digital-twin obstacle. The following panels show
the resulting detour trajectory, the executed vehicle
trajectory, and the tracking error over time. The vehicle
tracks the replanned trajectory over the full run, with
a mean position error of 0.41 m, an RMSE of 0.66 m,
and a maximum error of 2.60 m. These results show
that the YOLO-based obstacle detection module can
be connected with the replanner and Stanley controller
in the realistic 3DGS simulation environment.

D. Hardware Experiments

We also deployed the hierarchical planner on the
physical GEM e4 in the Highbay environment. In this
experiment, the obstacle pose was assumed to be known
so that we could isolate and validate the planning and
tracking pipeline. The replanner runs at 2 Hz, and the
Stanley controller tracks the selected path at 10 Hz.
This assumed obstacle pose can be replaced by the
RGB-D obstacle detection module described earlier.

Fig. 8 shows that the vehicle follows the nominal
reference on straight segments, performs a lateral de-
tour near the obstacle, and then returns to the reference
path. The peak lateral error of 1.22 m corresponds
to the commanded detour rather than a tracking fail-
ure. Across the full lap, the lateral error has mean
0.27 m and RMSE 0.38 m, while the minimum GPS-
to-obstacle surface clearance is 1.84 m. These results
indicate that the replanning and tracking pipeline trans-
fers from simulation to the real GEM e4 platform in a
controlled static-obstacle setting.

VII. CONCLUSIONS

This project developed a Highbay navigation pipeline
that combines a 3DGS-based digital twin, RGB-D ob-
stacle detection, and hierarchical obstacle-aware plan-
ning and control. The 3DGS–Gazebo integration pro-
vides more realistic visual simulation, while the RGB-
D module converts semantic detections into obstacle
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Fig. 7: Hierarchical replanning and Stanley tracking
in the 3DGS-integrated Highbay simulator. From top
to bottom: YOLO obstacle detection on the 3DGS-
rendered camera stream; local detour generation around
detected static obstacles in Gazebo; replanned safe
trajectory and executed vehicle trajectory; and position
tracking error over time.

positions usable by the planner. The high-level Frenet-
frame replanner then generates safe detour trajectories,
and the Stanley controller tracks them in real time.

The system was validated in both simulation and
hardware. In simulation, YOLO-based obstacle detec-
tions were integrated with the replanner, and the vehicle
avoided obstacles while tracking the safe trajectory.
On the physical GEM e4, the same planning and
tracking pipeline was tested with a known obstacle
pose, demonstrating that the vehicle could execute a
commanded detour while maintaining clearance. Future
work will close the full hardware loop by replacing the
assumed obstacle pose with RGB-D obstacle detections
and testing under more varied obstacle configurations.
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Fig. 8: Hardware validation on the GEM e4. Top:
Highbay experiment with an obstacle. Middle: refer-
ence path and GPS trajectory executed by the vehicle.
Bottom: GPS-to-reference distance over time; the main
peak corresponds to the planner-commanded detour.

A second direction is to replace the currently static
pedestrian captures with animatable digital humans.
Each pedestrian could be rigged to a parametric body
model such as SMPL [12], with the per-pedestrian
Gaussians bound to the underlying mesh through
learned skinning, as in recent animatable Gaussian
avatar work [13], [14]. The latter line of work fur-
ther suggests that new pedestrians could be added
from a single image, without re-running the per-object
walk-around capture in Section IV-E, while composite
dynamic-Gaussian frameworks for driving scenes [15]
indicate that such moving agents can be inserted into a
3DGS scene at simulator rates. Driving the body pose
with a walking gait would then produce naturally mov-
ing pedestrians in the digital twin, enabling closed-loop
evaluation of dynamic obstacle avoidance. The high-
level replanner already accepts non-zero obstacle ve-
locities v j in its Frenet-frame formulation (Section VI),
but this capability has so far only been exercised on
static obstacles.
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