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Abstract— Traversability analysis remains a significant chal-
lenge in achieving fast and reliable robot navigation in un-
structured terrains. Often, a single sensor does not provide
sufficient information for a satisfactory qualitative assessment
of surface conditions, so sensor fusion is proposed as a solution.
In this paper, a new method for traversability calculation is
presented by utilizing image semantic information for surface
friction estimation and localization, alongside existing methods
for extracting geometrical features using LiDAR point cloud.
Traversability cost is then analytically calculated by combining
surface slope value extracted from geometrical features and
friction coefficient estimation derived from Large Language
Model (LLM) and segmented using Segment Anything Model
(SAM3). Traversability is then visualized as a 2D occupancy
grid representing a bird’s-eye view map of traversability costs
for the observed terrain.

I. INTRODUCTION

In contrast to well-known structured environments like
warehouses or urban roads, many factors impact robot lo-
comotion in unstructured terrains. It is difficult to account
for every possible situation that could compromise a robot’s
mission or affect its ability to move and interact with the en-
vironment. Additionally, the unpredictability of structure and
features in these conditions makes it challenging for robot
localization algorithms to work reliably. Many approaches
have addressed the challenge of traversability estimation
especially in unstructured terrains. In a recent survey article
Shu and Dong [1] provided an extensive overview of terrain
traversability evaluation, classifying methods based on mul-
tiple dimensions including sensor types, robot types, usage
scenarios, and learning approaches. Our proposed method
focuses on combining geometric information from point
cloud, specifically surface slope angle, with material friction
estimation from RGB images. By analytically combining
these two values, a 2D occupancy map is derived with a
range of [0,100], where a higher value represents greater
difficulty and lower traversability for a mobile robot in that
specific area. The calculated occupancy map can then be
used in a local path planner pipeline to generate an optimal
trajectory.

The main contribution of this paper is a new analytical
method for traversability calculation that combines slope
angle extraction from point cloud data [16] with a novel
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approach to friction coefficient estimation using a combi-
nation of a Large Language Model (LLM) and the Segment
Anything Model (SAM3). In the proposed analytical method,
the friction coefficient and terrain slope angle are integrated
through force balance equations for a rigid body on an
inclined plane. The goal is to generate a traversability map
that encapsulates information about terrain steepness and
slipperiness, enabling a robot to identify the optimal route
in uneven, material-diverse environments with obstacles of
varying slope and surface material. (Fig. 1).

The paper is divided into several chapters: similar research
papers on traversability are presented in II, the research
methodology is shown in III, and experimental results are
provided in IV. A comprehensive conclusion with a focus
on future work is given in V.

Fig. 1. Polygon in Isaac Sim shown from multiple perspectives. The mobile
robot must analyze different slope angles of polygons and their various
surface types to form a comprehensive occupancy map.

II. RELATED WORK

Several survey articles on traversability estimation meth-
ods have organized these methods into various categories.
Traversability estimation can be defined in different ways
depending on the robot’s mission, structural design, and the
specific environment in which it must operate, and it requires
a higher level of abstraction. Sevastopoulos and Konstan-
topoulos [2] classified traversability estimation techniques
into non-trainable, conventional machine learning, and deep
learning categories. They further divided the non-trainable
methods into stereo vision and grid-based representations,



discussing elevation map calculation. In the previously men-
tioned survey paper, Shu and Dong [1] addressed multi-
sensor fusion, and several articles of interest were cited, as
this paper focuses on the fusion of LiDAR point cloud and
camera image feed.

In our proposed principle, a well-established geometrical
method for terrain slope calculation is used. However, to
our knowledge, none of the existing methods or articles
use semantic information to estimate the friction coefficient
from images. In our approach, this information is key to
analytically calculating traversability values in the observed
environment.

A. Multi-sensor fusion

Zhang and Lyu [3] propose a method that analyzes
traversability based on semantic information of terrain using
a convolutional neural network (Gated-SCNN), geometric
information, and robot mobility. In their paper, each terrain
type is represented by the coefficient of semantic information
(k) in the traversability analysis, which is later used in the
calculation of traversability values.

Saucedo [4] presents an environmentally agnostic method
of traversability estimation based on a novel decaying ex-
ponential function to fuse semantic information and geo-
metric features extracted from RGB-D images. The baseline
algorithm uses two LRASPP MobileNet V3 large CNNs for
semantic segmentation of the RGB image: one for terrain
type determination and the other for detecting see-through
obstacles in the environment. Surface normals are extracted
from depth images to calculate terrain inclination. The pro-
posed decay function models the traversability of a surface
so that both the slope with each respective semantic label
contribute to traversability scores, with each semantic label
assigned a different traversability weight, while the function
always penalizes the highest slopes.

Sock and Kim [5] present an approach that estimates the
traversability of unstructured roads and builds an online 2D
probabilistic grid map using 3D-LIDAR and a camera. A
linear SVM classifier is used for the detection problem,
while LIDAR is used for 2.5D elevation grid map generation,
and both types of information are fused under the Bayesian
principle.

Zhou [6] proposes a similar method to Sock [5], combin-
ing semantic and geometric information from a camera and
LiDAR, respectively, where a bottleneck transformer-based
deep neural network architecture (GANav) is used to perform
traversable area segmentation.

Schilling [7] presents a multi-sensory terrain classification
algorithm with a generalized terrain representation using se-
mantic and geometric features, employing a shallow classifier
to predict one of three specific traversability classes.

Pan [8] proposes a method that uses only range and inertial
sensors to form a dense map with drivable information.

B. Learning-based methods

Shaban [9] presents a deep neural network that directly
predicts a local map encoding terrain classes exclusively

from sparse LiDAR inputs. Gasperino [10] presents a self-
supervised approach for learning to predict traversable paths
for wheeled mobile robots. They argue that traction can
be estimated for rolling robots using kinodynamic models.
Using traction estimates provided by an online receding
horizon estimator, they train a traversability prediction neural
network in a self-supervised manner. In an improved version
[11], by using a sequence of images, the robot’s awareness
of its surroundings is significantly enhanced, enabling it to
predict the traversability of terrains that are not immediately
visible. Eder [12] proposed a method in which the cost
estimation for different terrain types is based on locomotion
data obtained in realistic standardized experiments and earth
observation data. In their paper, Waibel [13] proposes two
approaches — statistical and learning-based — where IMU
data is predicted for traversability estimation. Reutz, in their
paper [14], presents a learning-based method that estimates
traversability in unstructured environments dominated by
vegetation, based on a 3D voxel representation using camera
and LiDAR fusion.

As our method differs from the aforementioned research
approaches for traversability calculation, there is existing
work regarding friction estimation from image data in the au-
tomotive context. Jin [15] proposed a deep learning method
in which the road surface in the image is segmented and
identified to obtain the road type. It is shown that fusing this
information with a road friction estimator with tire longitu-
dinal force estimation helps achieve faster convergence and
higher accuracy.

III. METHODOLOGY

For analytical calculation of the traversability of the
observed terrain, the slope angle value and the friction
estimation of the surface are needed. Point cloud geometric
data is used to extract the slope value, while the image
frame is provided to the LLM to output estimated recog-
nized materials and their respective friction coefficients. The
recognized material outputs are then forwarded to SAMS3,
which precisely segments the given materials and outputs the
locations of the segmented areas. Geometric and semantic
information are then combined and analytically processed
to produce a unified occupancy map of terrain traversability.
For better clarity, Table I summarizes the main variables used
throughout this section.

A. Slope angle calculation

Geometric feature extraction, specifically slope angle cal-
culation from point cloud data, is performed using the exist-
ing traversability method from Saravanan [16]. In their work,
Saravanan et al. present an enhanced framework for au-
tonomous 3D exploration that integrates Fisher information
and a traversability-aware adaptive roadmap. The method
uses the ORB-SLAM3 algorithm for localization, which both
local and global traversability calculations use to build a
map of the environment. This map is then used to find
frontier points in the environment that the mobile robot can
reach, based on the calculated traversability. Exploration path



TABLE I
NOTATION OF THE RELEVANT VARIABLES USED IN THE PAPER

Symbol  Description

Qn Normalized slope angle value

« Raw slope angle value

ne Normal vector of the sloped surface
Ogiope  Occupancy grid cell value calculated from

slope angle value o
Oy Occupancy grid cell value calculated from
friction coefficient value p

Oyiot Global occupancy grid cell value calculated from
merged local friction occupancy maps
cy The fused confidence value of combined friction
estimations calculation
T Non-dimensional traversability metric
Otrav Occupancy grid cell value calculated from
traversability metric 1"
Ocell The calculated occupancy grid cell value for
the interpolated cell
RMSE  Root Mean Square Error

selection is then initiated to output the optimal path for the
local planner to execute.

Environment traversability mapping uses LiDAR point
cloud data and calculates statistical features such as slope,
step, and roughness, which are computed based on subsets
of points within each grid map cell and its neighboring cells.
In the referenced research, the final traversability cost value
is determined as the maximum among the computed metrics,
prioritizing the robot’s safety during decision-making.

For our research method, only the slope angle is consid-
ered. In [16], the slope is normalized by the maximum slope
angle the mobile robot could traverse:

o — arccos (n. - [0,0,1]) 0

amax
where n, represents the normal vector of the sloped surface.
We modify the equation by extracting only the raw angle
value:

a = |arccos (n. - [0, 0, 1])] ()

The absolute value of the function is used to ignore possible
edge cases. If, in a later iteration, a larger slope angle is
calculated for the same grid cell, the new value is integrated
using the weighted average method. Finally, the angle value
« is converted to an occupancy grid value with:
e
1.22 )
The angle value « is normalized using the maximum esti-
mated traversable angle for the mobile robot, approximately
70° (1.22,rad). This value was determined empirically rather
than derived analytically. With new slope angle measure-
ments for the existing cell, the slope angle « is averaged,
and Ogope is then recalculated.

Oslope =100

B. Friction coefficient estimation

For surface friction estimation, the RGB image feed from
the D455 camera is used. The novel core idea is to use the
open-source SAM3 algorithm to segment specific surfaces
based on material. However, SAM3 requires word prompts
of materials as input, and since the materials present in the

frame are a priori unknown, an additional step is needed
to recognize materials. The image frame is provided as a
prompt via API key to the gpt-4.1-mini model, which is
requested to output the three most dominant material names
it can recognize in the frame, as well as a friction coefficient
estimation. The output prompts from the LLM model are se-
quentially provided to SAM3, which then generates separate
image masks for each material with respective confidence
scores.

If the LLM generates incorrect material predictions,
SAM3 returns an empty mask for the associated prompt
because the specified material cannot be segmented in the
image. This behavior reduces the risk of false material
classifications affecting the occupancy map accuracy.

For each mask, non-transparent pixels are identified, and
if a pixel’s depth is less than d,,q;, its z component is
extracted. Each pixel is then projected to world coordinates
using the camera’s intrinsic information:

T = (u_fcf)z 4
(v—rcy) -2

= - 5

Yy 7, &)

where = and y are the coordinates of a pixel in the camera
frame, u and v are the pixel coordinates in the image,
representing width and height, respectively. The variable z
denotes the depth value of a pixel, ¢, and c, describe the
principal point in the image, and f, and f, represent the
focal lengths of the camera. Coordinates shown in the camera
frame are transformed to world coordinates:

The suffix w denotes coordinates in the world coordinate
frame, and the suffix ¢ denotes coordinates in the camera
frame, while 7)Y represents the 4x4 transformation matrix
that converts coordinates from the camera frame to the world
frame.

The occupancy grid value for each pixel is then normalized
as follows:

Op =1+99—+— 7
Hmazx

The friction value p is normalized by the highest anticipated
friction value pi,,q, to scale values from 1 to 100. Equation
(7) ensures that occupancy values are always nonzero for
coherent visualization.

C. Global friction map calculation

Local occupancy maps are merged into a consistent global
map, where overlapping cells are updated using a weighted
average:

Oftot =w- Oftot + (1 - w) : Ofnew (8)
2
Cold
= 9
v Czld + c%ew ( )

Here, c,;q represents the combined confidence level for that
cell from all previous iterations, and c,e, represents the



confidence level of the most recent estimation. Oy, is the
final value of the friction occupancy map cell.

The combined confidence level is updated using the
Bayesian rule, taking into account the confidence levels
of the most recent SAM3 estimation and the aggregated
confidence from previous updates for that cell. The new
combined confidence is calculated as:

o P(y|21)P(y|Zs)
I Py|Z) Py Zs) + (1 — P(y|Z1)) (L — P<y|z2>310)

where co1q = P(y|Z1), cnew = P(y|Z2), and ¢y denotes the
fused confidence level after combining the values.

D. Traversability Estimation

To calculate analytical traversability estimation, the algo-
rithm iterates through the slope occupancy grid with every
new update to either the friction or slope occupancy map.
It transforms slope map indices into world coordinates to
locate the corresponding friction data. If no corresponding
data exists, the estimation for that point is bypassed, effec-
tively handling the synchronization mismatches between the
LiDAR and RGB-D camera. For the existing corresponding
data the matching friction value p is extracted from O .o in
the friction occupancy map for each slope occupancy cell,
where o is extracted from Ogope. The final traversability
value is then calculated as:

(1)

This formula is derived from the force equation of a body
on a slope assuming static equilibrium while dynamic ef-
fects (e.g., robot velocity, acceleration, or wheel slip) are
neglected:

T = p - cos(a) — sin(a).

Fy =myg - sin(a) (12)

represents the force pulling the body down the slope, and:

F.=mg-cos(a) - p (13)

is the reactive force acting upward. The resultant force AF
is normalized to obtain the non-dimensional value 7"

=—_ =-¢ 9 (14)

The scaled value written in the traversability occupancy map
is:

Otrav = 100(1 — T) (15)

where we assume the minimal occupancy value occurs for
even terrain and high friction values.

As mentioned in I, a higher occupancy cell value denotes
lower traversability and a greater challenge for the robot to
traverse that area.

E. Interpolation of cells

The rate of exploration depends on the camera’s field
of view. To increase the exploration rate without losing
traversability accuracy, new cell interpolation algorithm is
implemented.

The algorithm iterates through unknown cells in the
traversability occupancy map, cells with values of -1, and
checks if there is at least one known cell (cell value # —1)
within a 5x5 square around the observed cell (see fig. 2). If
s0, a weighted interpolation of the cell is performed, using an
additional vicinity factor so that cells closer to the observed
cell have a greater impact on the calculated traversability
value (eq. 17).

>, Ci-di-O;
> Ci-d;

O.y1 represents the calculated occupancy value for the inter-
polated cell, C; is the confidence level for each surrounding
cell that contributes to the interpolation, d; is its respective
distance factor, and O; is its occupancy value.

2
L,

The fused confidence value is then iteratively calculated,
similarly to the case of overlapping cells in the global
occupancy map update:

Ocell = (16)

if distc'mce =1 (17
otherwise

Cfi - Cc
criCet (I —cpi) (1 —ce)

(18)

Cfi =

where cy; denotes the aggregated confidence value and ¢, is
the confidence value of the surrounding cell being added to
the final result. By implementing this method, map coverage
is increased with the same number of observed images,
as shown in fig. 3, while maintaining map accuracy as
demonstrated in section I'V-C.

m Observed cell
m Cells with distant factor = 2
B Cells with distant factor =1

Fig. 2. Cell occupancy estimation regarding it’s surrounding cells

Fig. 3. Comparison of iterations without (left) and with (right) interpolation
implementation



FE. Maintaining Friction Continuity

To create a more coherent and unified traversability map,
new friction continuity method is implemented. If the LLM
outputs material estimations containing at least one identical
word from the previous iteration, the algorithm constrains
the second prompt to use the friction value from the previous
iteration. Otherwise, a small change in the prompt results in
a slight change in the output friction value (Table II), which
visually divides the map but has little impact on the grid
values. After unifying friction values for the same material,
the final occupancy map is more coherent and robust with
respect to surface friction values.

TABLE I
COMPARISON OF FRICTION VALUES FOR SIMILAR PROMPT NAMES

Type Friction

Light brown wood 0.4

Beige plywood 0.5

Brown wood 0.5

Tan wood 0.6
IV. RESULTS

The research and testing in this paper are conducted in
the NVIDIA Isaac Sim environment because of its easy
integration with ROS2 and its potential for training learning-
based models. The NVIDIA Carter mobile robot is used to
maneuver through the map while carrying simulated models
of the Realsense D455 RGB and depth camera, Ouster
VLS128 LiDAR, and IMU unit. The testing arena (Fig. 1) is
specifically assembled to test method functionalities, consist-
ing of nine ramp objects grouped in threes. Each of the three
blocks of ramp objects has a specific slope value. The first
three ramp objects have slope angles of 20.74°, 16.15°, and
8.86°, respectively. Additionally, each ramp object in a block
has a unique surface material: white snow, OSB (Oriented
Strand Board), and rubber. Each slope-material combination
analytically produces a different occupancy value, which is
the goal to calculate and present as an occupancy map object.

For the purpose of testing different aspects of the algo-
rithm under repeatable conditions, a ROS bag was recorded
while the mobile robot was driven around and across the
polygons to capture all relevant areas of the observed map.
This approach made it convenient to test both real-time and
slowed execution of the algorithm by adjusting the ROS bag
playback speed.

In this section, the experimental results of the proposed
method are presented. The generation of the ground-truth
map is explained, and the validity of the interpolation and
continuity methods is evaluated.

When comparing the respective occupancy cell values,
the root mean square error (RMSE) metric was used (Eq.
19). Several iterations of the algorithm were performed per
experiment to address the variability of LLM and SAM3
outputs, and the average RMSE and its variation were used
as metrics of interest.

n

RMSE = % 3y (O} - Oi)Q

i=1

19)

O; depicts estimated traversability occupancy value for i-th
cell, O; is ground-truth occupancy value for that cell while
formula is iterating thorugh n map cells of interest.

A. Ground-truth map generation

To compare experiment outputs with reference values, a
synthetic traversability ground-truth map is generated. By
combining distance values from Isaac Sim, friction coeffi-
cient estimates, and calculated slope angles, a representative
occupancy map is created with the same resolution as the
experimental maps and in the same reference coordinate
frame (Fig. 4).

occupancy

Fig. 4. Colored ground truth occupancy map.

B. Impact of Maintaining Friction Continuity

In the process of friction value estimation and segmenta-
tion, only pixels with depth values up to dy,q = 10m were
considered. When calculating the occupancy value based
on friction estimation, .., = 1.5 was used in Eq. (7).
Furthermore, world points were binned into a 2D occupancy
map with a resolution of 0.25m/cell, while unknown cells
were assigned a value of -1.

Table III presents the impact of maintaining friction
continuity on RMSE metrics. The table shows the average
RMSE value over 7 iterations and the corresponding standard
deviation values. The results indicate that comparable metric
values were achieved; however, Figure 5 demonstrates a
visual improvement in the final friction occupancy map.

Fig. 5. Comparison of iterations without friction continuity (left) and with
active friction continuity (right)



TABLE III
COMPARISON OF RMSE VALUES FOR CONTINUITY

Version RMSE  oRrMSE
With friction continuity 2591 2.33
Without friction continuity =~ 24.87 2.44

C. Validity of the interpolation of the unknown cells

To test the cell manipulation method explained in III-
E, two types of iterations were performed: one with inter-
polation enabled and one with interpolation disabled. The
categories of interest were RMSE value and cell coverage
percentage (Table IV).

TABLE IV
COMPARISON OF RMSE AND COVERAGE PERCENTAGE VALUES

Version RMSE orymse  Coverage % Oc
Interpolated cells 21.96 3.34 76.69 3.29
Non-interpolated cells ~ 21.27 34 63.18 19.34

For each version of the algorithm, 9 trials were conducted
on the same ROS bag sequence, and the average metrics of
RMSE and coverage percentage were calculated. The results
show that the proposed method improved coverage area
while maintaining a comparable RMSE value. Possibility
of unsafe traversability estimates caused by interpolation in
regions where the terrain changes abruptly is reduced to min-
imum through fusion of the slope calculation with friction
coefficient estimation. In these regions, the computed slope
angle is high, which consequently yields a low traversability
value regardless of possible overestimation of the friction
coefficient.

D. Comparison of Real-Time and Slowed Execution of the
Algorithm

Although the algorithm was tested on an NVIDIA
RTX5070 GPU, a bottleneck occurred while waiting for
the LLM response in the pipeline. Solutions tested included
slowing the simulation time by a factor of six, which matched
the average pipeline delay, or capturing an image every six
seconds to maintain real-time performance with a reduced
amount of data.

To address the bottleneck, four iterations were completed
while running the bag at a rate of 0.17, equivalent to slowing
the bag execution by a factor of six. This resulted in the
algorithm processing a new image every second, in contrast
to real-time execution, where a new image is processed
approximately every six seconds.

Both real-time and slowed iterations were performed with
cell interpolation enabled and friction continuity active. The
recorded sequence included the entire polygon area. The area
used for coverage percentage calculation was limited to the
slope areas of the map only.

As expected, the coverage results in Table V show that
real-time execution covers less area than slowed execution,
which processes six times more data. The significant cov-
erage variance, 0., in real-time case can also be interpreted

TABLE V
RMSE AND COVERAGE VALUES IN REAL-TIME VS. SLOWED
COMPARISON
Version RMSE oRrymse  Coverage % Oc
Real-time execution 26.58 2.15 79.88 24.4
Slowed execution 27.26 2.65 97.38 2.74

as uncertainty regarding whether the algorithm will process
an image at the exact moment when the area of interest
is recorded. However, the RMSE results in Table V show
that slowed execution yields worse final results. This can
be attributed to the increased amount of recorded data being
compared with the ground-truth labels, which raises the prob-
ability of deviations from the ground truth and consequently
increases the RMSE.

Since the future goal is to test the proposed algorithm
in a real-world setup, these results are encouraging, as pro-
cessing image data every six seconds can provide sufficient
traversability results (Fig. 6) while enabling local algorithm
execution. However, these results are heavily influenced by
the mobile robot’s motion speed, as the results presented
in this article were obtained with a camera moving at 0.5
m/s. This information should be considered when testing the
algorithm in a realistic environment.

Fig. 6.  Comparison of final traversability occupancy maps: real-time
iteration (left), slowed iteration (center), and ground truth map (right).

V. CONCLUSION

This paper presents a novel analytical method for
traversability calculation by combining slope angle estima-
tion from LiDAR point cloud data with friction coefficient
estimation using LLM and SAM3 for semantic segmentation
of recognized materials. It is shown that resultant occupancy
map achieves strong RMSE values when compared with a
synthetic ground-truth traversability map.

In comparison with the existing geometrical traversability
method [16], upon which our approach is based, the proposed
method provides an additional information layer in which
slope angle values are combined with texture recognition
data. This enables path planning algorithms to achieve sig-
nificantly greater robustness when designing robot motion in
unstructured terrains. An evident drawback of the proposed
method is the substantially higher computational load, which
required the algorithm to be executed at a slower runtime or
with a lower update rate. Additionally, the LLM introduces
an unknown delay ranging from 3 to 6 seconds during the
friction coefficient analysis of the image.



Further development of this method includes testing the
algorithm on real-world data, such as the Botanic Garden
dataset [17], which provides image and point cloud data
from unstructured garden terrains. Next steps also involve
testing the algorithm on real-world hardware and addressing
the bottleneck problem by either running the LLM on a local
GPU or optimizing other parts of the algorithm and translat-
ing it to C++ to improve execution time. As this algorithm
is intended to work alongside path planning methods, it is
of interest to create a combined pipeline of both algorithms
where path length and duration are optimized together with
the selection of the optimal traversable path for the mobile
robot to reach the desired goal.
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