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Abstract— Unmanned ground vehicles (UGVs) require effec-
tive perception and analysis of their surrounding terrain for safe
operation. This paper presents a novel approach to their local
elevation mapping and traversability analysis using sparse data
from a single LiDAR sensor, which can generate a dense local
traversability map in real-time. By preserving ground height
information, our method can differentiate between vertical
obstacles, suspended objects and other terrains in the eleva-
tion map. The modified Bayesian generalized kernel elevation
inference is utilized to predict and fill in sparse elevation
maps to achieve local dense terrain traversability mapping. The
system uses GPU parallel processing to accelerate calculations,
ensuring real-time perception and dynamic processing. The
proposed system was tested in both structured and unstructured
environments, and achieved better performances in map filling
and handling of suspended and vertical objects compared to
other existing approaches.

I. INTRODUCTION

As unmanned ground vehicles (UGVs) will operate on
increasingly varied and complex terrain, effective terrain
traversability mapping becomes a critical factor for their
safe navigation. LiDAR sensors have been widely deployed
due to their advantages of high sensing accuracy and low
lighting tolerance over visual sensors. Several methods have
been proposed to convert LiDAR data into terrain data for
traversability analysis, including point cloud [1], 3D grid [2],
and 2.5D elevation mapping [3] methods.

The point cloud mapping method requires a large amount
of data and computation for neighborhood search processing.
3D grid map can reduce the amount of data but is limited
in traversability analysis due to limited elevation accuracy
[4] and sparse ground data. Moreover, both point cloud
mapping and 3D grid map can be combined with sample-
based planning methods to reduce computational costs [1]
[5]. However, these methods may not be suitable for search-
based planning methods that require a dense traversability
map.
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Fig. 1. Overview of traversability mapping processing. Most of data
transmission is processed on CPU, and the processing of the point cloud
and map data is carried out on GPU. The square boxes represent processing
modules, and the rounded boxes represent the output of each module. The
white arrows indicate the sequence of processes within a module, and
the blue lines with arrows represent data transfer between modules. The
overall process is divided into three main parts: point cloud processing,
map processing, and traversability analysis.

Thanks to the continuity of elevation and the 2D grid-
based distribution of map data, an elevation map not only
reduces the amount of data while ensuring the accuracy of
terrain elevation but also simplifies the operation of mapping
sub-areas in traversability analysis. However, current eleva-
tion map methods have some limitations, such as the 2D
distribution of data making it difficult to handle suspended
objects [6], the vertical terrain information missing during
traversability analysis [7], the map gaps occurring due to
data sparsity and terrain occlusion, and the elevation map
that is not directly applicable for navigation on UGVs.

In this work, we propose a real-time 2.5D elevation
mapping method that utilizes Bayesian inference filling and
traversability analysis for UGV navigation, which is shown in
Fig. 1. Our work makes the several contributions. Firstly, the
ground elevation attribute is introduced in an elevation map
to process hanging obstacles and separate vertical obstacles
from sloped terrain in the traversability analysis, resulting
in more accurate and realistic terrain traversability represen-
tation. Secondly, the Bayesian elevation inference approach
is deployed with line search to efficiently fill the gaps in
the sparse map, including a re-inference method to address
residual inference errors. Thirdly, a feature-based method is
adopted for traversability analysis so that different terrain
features can be calculated by elevation or ground elevation,
resulting in traversability values that better match the terrain
in terms of location. A GPU is used to realize the real-time
performance of traversability mapping.



The rest of the paper is organized as follows. Section II re-
views some related work in terms of elevation mapping, map
filling, and terrain traversability analysis (TTA). The pro-
posed approach is outline in Section III, including three parts:
PointCloud processor, elevation mapping, and traversability
analysis. Experimental results are given in Section IV to
show the good performance of our proposed novel approach
compared with other state-of-the-art methods. Finally, a brief
conclusion and future work are given in Section V.

II. RELATED WORK

This section reviews some related work in elevation map-
ping, map filling, and terrain traversability analysis.

A. Elevation Mapping

Some elevation mapping methods have been developed
from the GridMap library [8] that provides a well-established
map data type. Methods in [3] and [9] form a baseline
for elevation mapping on CPU devices. Elevation mapping
usually uses feature-based traversability analysis [10], but
the system suffers from low efficiency on CPU devices and
fails to perform in real time. To solve this problem, [11]
and [12] migrated sensory data and map data processing to
GPU devices to accelerate calculations and reduce the time
of local traversability mapping.

Previous methods updated the elevation map with the
highest elevation in each cell. This approach is unable to
describe vertical terrain within a cell, resulting in the inflation
of impassable areas around vertical obstacles. In addition,
sparse sensory data often generate gaps in the map, which
are difficult to be used in traversability analysis. Our method
aims to solve these problems.

B. Map Filling

To solve the filling problem of elevation maps, a mean
filter or a median filter with edge-preserving capabilities was
deployed in [13] to calculate the unknown value in the center
cell by using the elevation information in the neighborhood.
It can preserve steep terrain edges, and was simple to operate
and efficient, However, it did not make full use of the prior
information and cannot reflect the trend of the actual terrain.
Moreover, after several iterations, the filled terrain may be
too flat compared to the actual terrain, leading to the risk of
terrain misjudgment.

As elevation maps can be treated as images, image
processing methods have been applied to restore missing
information in maps. The OpenCV library [14] offers two
inpainting methods. [15] employed the Navier-Stokes fluid
dynamics equation and [16] used the image gradient prop-
agation smoothing estimator to predict the missing parts
by diffusing image changes from the edges, which can
effectively reconstruct map gaps caused by data sparsity.

However, these methods are only suitable for predicting
small gaps when most of the map information is present. For
terrain gaps caused by terrain occlusion, the filling quality
decreases with insufficient prior information. In contrast, the
work in [17] focused on the negative estimation of map gaps

by using the lowest elevation of the gap edge, providing
direct risk awareness of the concave terrain for traversability
analysis. However, this approach can result in the over steep
filling of some terrains.

Several learning-based methods have been proposed for
exploring hidden terrain information to fill sparse maps.
Shan et al. proposed [18] to use Bayesian sparse kernel [19]
inference to predict elevation and traversability. However, the
accumulated inference errors may lead to unreliable results in
some extremely sparse areas. [20] used the potential occluded
areas in dense areas to train a neural network to fill sparse
areas and achieved good reconstructions on terrain occlu-
sion. However, reconstructions of non-occlusion areas often
resulted in over rough terrain. [21] used the Bayesian-GAN
model to learn structured urban terrain samples, and achieved
good reconstructions on occlusion, sparseness, and concave
terrains in structured environment. However, this method
required consistency between training and test environments,
and was difficult to apply in unstructured environments.

We noticed that map gaps caused by terrain have a larger
range than those caused by data sparsity in the sensing di-
rection. Inspired by [17] and [18], we performed map filling
using Bayesian sparse kernel inference with line search, and
used new sensory data to update unreliable inference results,
preventing the accumulation of inference errors.

C. Terrain Traversability Analysis

Terrain traversability analysis is an important part of
environmental perception, providing an essential foundation
for navigation. For 2.5D or 3D representations of an en-
vironment, the feature-based method is the most used one.
This method calculates terrain features of map cells using the
neighborhood terrain, and determines traversability based on
these features. Three features, namely step, roughness, and
slope, were used in [7] and [22] to describe terrain risk of
map cells, in which thresholds and weights were used to fuse
features and calculate traversability. [5] sampled points in the
point cloud and searched for a fitting plane by calculating
the slope, flatness, and sparsity of the plane with the map
data in the neighborhood and fused these features to obtain
traversability. [23] introduced risk features related to robot
motion and established a multi-layer risk map using CVaR
fusion to obtain a traversability map.

The feature-based method has strong flexibility, allowing
for easy design of the feature composition according to the
robot’s structure. However, the distribution of traversability
is affected by the radius of the neighborhood during feature
calculation, which often results in over obstacle inflation.
Moreover, since the method involves the operation of all map
data, a large amount of calculation is required.

Deep learning methods were deployed in [24]–[26] to
directly predict traversability from the elevation map. Super-
vised methods fix the quantification standard of traversability
when training the neural network, making it difficult to adjust
for different UGVs. Furthermore, the supervised labels are
subjective and limited by annotation. On the other hand,



unsupervised methods require many interactive attempts,
resulting in high learning costs and difficulty in application.

Our method uses feature-based traversability analysis that
employs a dual-layer elevation map incorporating both raw
and ground elevation data. By calculating slope, roughness,
and step features corresponding to the respective elevation
layers, we can subdivide the traversability of vertical and
ground terrain. By adjusting the thresholds and weights for
each feature, our approach can be applied on different robots.
To reduce the calculation time, terrain feature extraction in
traversability analysis is performed on GPU devices.

III. METHOD

Fig. 1 shows the framework of our local traversability
mapping system. The system takes the point cloud data from
the sensor and the robot pose estimation data given by the
localization system as input, and outputs a local elevation
map with traversability. In the specific design, the point cloud
data is provided by LiDAR, and the position and pose data
can be provided by various localization systems, such as
LIO-SAM [27], FAST-LIO2 [28] and LIO-Fusion [29].

Firstly, the system uses the transformation information
provided by the SLAM system to transform the point cloud
data from the sensor frame to the map frame and calculate
the uncertainty of each point using the noise model. Next, the
transformed point cloud is mapped to a grid map that moves
with the robot, and the elevation and ground elevation of each
cell are updated. If any filled cells are found to be unreliable,
the updated map is used to perform re-filling and updates
these cells. Subsequently, ray tracing is used to visibility
clean up dynamic objects in cells that have not been updated
by sensory data, and Bayesian sparse kernel inference with
line search is used to fill ground gaps in the sparse map. After
processing the elevation map, the geometric traversability
and sparsity of each cell are calculated, resulting in a dense
local traversability map.

A. PointCloud Processor

1) Point cloud transformation: We obtain raw point cloud
data in the sensor frame and use the localization system to
obtain the transform matrix T that maps from the sensor
frame to the map frame. For point ps = (xs, ys, zs), we
transform it into pm = (xm, ym, zm) in the map frame by
the formula: [

pm

1

]
= T

[
ps

1

]
(1)

During the map update process, the coordinate (xm, ym) of
pm is mapped to grid positions, and the value zm of pm

is used to update the elevation and ground elevation of the
corresponding cell.

2) Uncertainty calculation: Because of the measurement
error between sensory data and actual terrains, the uncer-
tainty of each point in the transformed point cloud needs
to be considered. Our approach is like the methods used in
[30] and [9], where the measured points are viewed as a
Gaussian probability distribution model p ∼ N(p, σ2

p), with
p represents the elevation of the point in the map frame.
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Fig. 2. Simplified representation of pose change angle calculation. Left
shows the pose estimation of two adjacent frames and their z-axis vector z1
and z2 in the map frame, where M1 and M2 represent the corresponding
rotation matrix. Right shows the pose change angle θ between z1 and z2.

We simplify the noise model in [12] and calculate sensor
noise σ2

s = (cbeam + abeaml)
2, where cbeam represents the

beam constant in the laser noise model described in [9], and
abeam is the beam angle parameter of the model. l donates
the Euclidean distance between the point and the origin of
the sensor frame.

In addition to the uncertainty of the sensor itself, the
uncertainty from pose estimation also needs to be considered.
Fig. 2 shows an example where two consecutive sensory data
are obtained, and the corresponding rotation matrices M1

and M2 are obtained from the localization system. The z-
axis direction vectors z1 and z2 of these two poses in the
map frame can be calculated, and the angle θ between them
can be determined. The uncertainty σ2

t from pose change can
be obtained as follows:

z = (0, 0, 1) z1 = M1z z2 = M2z (2)

θ = arccos
z1 · z2
|z1| |z2|

(3)

σ2
t = (λtl sin

θ

2
)2 (4)

where the non-negative hyperparameter λt is used for scal-
ing, and the value l represents the distance between the point
and the origin of the sensor frame.

By taking into account the uncertainties in sensor noise
and pose changes, the uncertainty for each measurement
point can be calculated as σ2

p = σ2
s + σ2

t . The larger value
between σs and σt prevails in σp, and the setting of λt can
adjust the threshold of θ for the dominance shifting. We set
λt = 1 for direct comparison between sensor noise and pose
change in experiments.

B. Elevation Mapping

1) Map update: To update the elevation map, we use a
method similar to [30] and [31]. We compute the Maha-
lanobis distance d between the sensory data elevation ps and
the map elevation ĥ−, compare it to a threshold c, and use
a Kalman filter to fuse nearby elevation measurements and
variances. This allows us to obtain the new elevation ĥ+

and variance σ2+
h of the map cell. The updating rules are as

follows:

d =
|pz − ĥ−|

σ−
h

(5)
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Fig. 3. Hanging objects handling. The brown curve represents the actual
ground and ceiling in the environment, while the green curve indicates the
filled ground elevation. The blue points represent the measure points from
the sensor, and the black rectangle denotes a hanging obstacle.

ĥ+ =


σ2
pĥ

− + σ2−
h pz

σ2−
h +σ2

p

, d ≤ c

pz , d > c ∧ pz > ĥ−

(6)

σ2+
h =


σ2−
h σ2

p

σ2−
h + σ2

p

, d ≤ c

σ2
p , d > c ∧ ĥ− ≤ pz

(7)

where ĥ− and σ2−
h represent the older elevation and variance

of the map cell, and σ2
p is the variance of the point we

calculate in point cloud processing.
Note that the lower elevation discarded above contains

some terrain information, such as vertical terrain and ground
elevation, which has a significant impact on hanging object
processing and vertical terrain analysis. Therefore, we pro-
pose the ground elevation attribute of the elevation map to
save the lowest elevation data.

Updating ground elevation is like the original method,
but we discard higher elevations during distance comparison.
Since the variance of the map cell is primarily influenced by
the distance model and elevation updates are more frequent
than ground elevation updates, we update the variance of the
map cell with the latest updated variance.

During map updating, we handle hanging objects by
comparing sensory data with existing ground elevation. As
shown in Fig. 3, an elevation threshold hc is set for robot
passage. If the sensor point p1 is the lowest point in the map
cell, we calculate the height difference h1 between p1 and the
ground elevation g1 in this cell. If h1 > hc, p1 is considered
a passable hanging object, and the elevation of the cell is
updated to g1. When the lowest point plowest in the cell has
a height difference h2 < hc with the ground elevation g2, the
object is regarded as an obstacle and the elevation is updated
by the highest point p2. Additionally, when ground elevation
g3 is updated by current sensor points, we check the height
difference hgap = p3 − g3 between the two adjacent data
points p3 and g3 in the same cell. If hgap > hc, the point p3
is discarded and the elevation is updated by g3.

2) Visibility cleanup: The ray tracing method is used to
clear dynamic objects for the map cells that have not been
updated by the latest sensory data. We use the Bresenham
algorithm [32] to search for map cells in the ray direction of
the sensor. As shown in Fig. 4, for the map cell pold with
the elevation hold has not been updated, we search for the
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Fig. 4. Ray tracing visibility cleanup. The dashed rectangle represents
the previous location of the object, while the solid rectangle represents its
current location. The blue point represents the current sensory data point,
and the orange curve represents the filled ground elevation. The simplified
diagram above shows the calculation of the threshold ht.
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Fig. 5. Bidirectional line search method. The blue grid shows the location
of robot’s sensor, and the yellow grid indicates the filling cell. Dark green
grids represent the ground height grid updated by sensory data, and light
green grids indicate the previously filled grid. The red lines with an arrow
show the search direction starting from the filled grid, and the red grids
represent the samples obtained.

first lowest sensor point plowest, and calculate the elevation
change between plowest and the sensor height hsensor to
obtain the elevation threshold ht. If hold > ht, we update
hold to ground elevation gp, and the cell pold to pnew.

While performing visibility cleanup, our method uses
ground elevation to correct the elevation, which reduces map
gaps in [9] and [11].

3) Bayesian ground filling: For each map cell without
ground elevation, we also apply the line search method to
sample data for filling. Starting from the filling cell, we
search towards the direction of the sensor for a certain
distance to obtain the first sample set D1 = {(xi, yi)i=1:N1

},
and search in the opposite direction to obtain another sample
set D2 = {(xi, yi)i=1:N2

}. For each sample pi = (xi, yi), yi
represents the ground elevation updated by sensory data, and
xi represents the distance between the filling cell and the
sampled cell. Fig. 5 shows the search method with 6 grids.
Different from [18], our method uses line search instead of
neighborhood search to acquire a larger range of sampling.
Moreover, each filling cell uses the valid ground elevation to
reduce the error accumulation caused by inference iteration.

Then we apply Bayesian sparse kernel inference [33] to
the sample set to obtain height predictions. The expected
elevation µ∗ in each direction is calculated with the corre-
sponding sample set D as follows:

E [µ∗|λ,D, x∗] =

λµ0 +
N∑
i=1

k(xi, x
∗)yi

λ+
N∑
i=1

k(xi, x∗)

(8)

where k(xi, x
∗) is the kernel function used in Bayesian



inference, (xi, yi) represents the data in the sample set D, µ0

is the prior elevation, and λ is the non-negative confidence
parameter of µ0, which servers as the weight source in
calculation. The larger λ is, the closer µ∗ is to µ0.

Since map gaps are typically caused by unobserved lower
terrain, we take the minimum elevation in D as µ0. Based on
the effectiveness of the sparse kernel in elevation inference
demonstrated in [18], the sparse kernel [19] is used as the
kernel function. Then we set λ = 1, which is the maximum
value of the sparse kernel k(xi, x

∗), and achieved balanced
and good performances in our structured and unstructured
environments tests.

For cells that obtained no sample set, we do not process
them. For cells that only obtained one sample set, the
predicted elevation µ∗ is directly used as the ground elevation
of the cell but is considered unreliable. For cells that have
obtained two sample sets D1 and D2, with the predicted
elevation µ∗

1 and µ∗
2, we calculate the final predicted elevation

µ∗ as follows:

µ∗ =


(n1 + n2)µ

∗
1 + n2µ

∗
2

n1 + 2n2
, µ∗

1 ≤ µ∗
2

n1µ
∗
1 + (n1 + n2)µ

∗
2

2n1 + n2
, µ∗

1 > µ∗
2

(9)

where n1 and n2 represent the number of gap cells before
obtaining the sample sets D1 and D2. And the filled cell with
is considered reliable.

4) Refilling: We designed a filled cell update step after
the map update by sensory data and before the new filling
operation. This step updates only the filled cells considered
unreliable to correct possible residual errors in the predicted
elevation.

For cells with only one sample set obtained or no sample
set obtained, their inference results are considered unreliable.
Therefore, we perform sample search and Bayesian elevation
inference on these cells again, and update their predicted
elevation using the new sensory data. For cells that have
two sample sets obtained by bidirectional search in the
previous filling operation and cells updated by sensory data,
we consider their elevation to be highly reliable, and thus do
not update them in the re-filling update step.

C. Traversability Analysis

We use the feature-based terrain traversability analysis,
and select step, slope and roughness as the terrain features
to calculate the traversability of the cell p. First, we search
the neighborhood centered on cell p, and record all searched
elevations as H = {h1, h2, . . . , hi}i=1:Nh

, where Nh is the
number of elevations. And we record all searched ground
elevations as G = {g1, g2, . . . , gi}i=1:Hg

, where Hg is the
number of ground elevations.

1) Slope: To obtain the slope feature value Cslope , we use
the ground elevation set G and the corresponding position set
P = {(xi, yi)i=1:Hg

} to fit a plane, and calculate the normal
vector of the plane using Singular Value Decomposition
(SVD) [34]. Then, we use the angle θs between the plane

normal vector and the unit z-axis vector in the map frame to
calculate Cslope with a radian threshold θc as follows:

Cslope = max(1− θs
θc

, 0) (10)

2) Step: For the step feature, we use the mean value ḡ
and the minimum value gmin of G to calculate Cstep with
the elevation hp of cell p:

Cstep = max(1− 2hp − gmin − ḡ

2hc
, 0) (11)

where hc is the step height threshold. If there is no elevation
in cell p, we use ground elevation gp instead of hp.

3) Roughness: We use a similar calculation to [11] and
use the mean value h̄ of H, and G for filled ground, to
calculate Crough with the roughness threshold rc as follows:

Crough = max(1− hp − h̄

rc
, 0) (12)

4) Traversability: Cstep mainly reflects changes in the
vertical terrain, Cslope focuses on the changing trend of the
ground, and Crough shows the difference between the cell
and the surrounding terrain. Then we fuse the three features
to calculate the traversability value Ctraver as follows:

Ctraver = wstepCstep+wslopeCslope+wroughCrough (13)

where wstep, wslope and wrough represent the weights of
features, and wstep + wslope + wrough = 1. If any feature
value is 0, set Ctraver to 0.

A traversability value of Ctraver = 1 indicates free
passage, while Ctraver = 0 indicates impassable terrain.
By utilizing two elevation layers, the traversability value
corresponds more accurately to the cell where the terrain
changes.

5) Sparsity: For the filled cells with dense sensory data
around but still unreliable and near the robot, we consider
the possibility of concave obstacles or occluded terrain that
cannot be perceived by sensors and are difficult to predict.
In such scenarios, we calculate the feature Csparsity instead
of geometric traversability, as follows:

Csparsity =


max(1− hsdc

hcds
, 0) , hs ≥ hc

max(1− hs

hc
, 0) , hs < hc

(14)

where hs represents the elevation difference between the
valid ground elevations searched from bidirectional direc-
tions, and ds is the distance between the filled cell and
the robot, hc is the step threshold, and dc is the distance
threshold. If only one or no elevation is obtained from line
search, the traversability of this cell is considered unknown.

IV. EXPERIMENTAL RESULTS

We tested our method on several datasets and a phys-
ical robot. Our dataset recording platform consisted of a
Robosense RS-LiDAR-16 laser scanner, an Xsens MTi 30-
series IMU, and a Scout-mini UGV (a four-wheel differential
mobile robot chassis) for capturing data in real environments.
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Fig. 6. Recording and testing platform. (a) Robosense RS-LiDAR-16, (b)
Xsens MTi- 30-2A8G4 IMU, (c) Scout-mini UGV, (d) Nvidia AGX Xavier.

TABLE I
AVERAGE TIME CONSUMPTIONS

Step (ms) CPU CuCpp Ours(PC) Ours(AGX)

Points Process (to GPU) 0.3 1.5 3.3 6.1
Map Update (to GPU) 0.6 1.1 4.0 18.2

Cleanup (& Filling) 14.8 0.3 0.5 0.6
Traversability Analysis 123.1 1.1 1.4 2.4

Publish (to CPU) 0.1 4.7 4.4 6.2

We evaluated our method on a laptop PC (AMD Ryzen 7
5800H, Nvidia RTX 3070 Laptop) using the datasets.

We built the testing platform as Fig. 6 with the recording
platform and an Nvidia AGX Xavier, and tested our method
in real-world navigation tasks.

To obtain pose estimation and localization information, we
used FAST-LIO2 [28], which can publish TF information in
Robot Operating System (ROS).

A. Dataset Test

The datasets were collected from indoor and outdoor
environments shown in Fig. 7, which included complex
structured and unstructured terrains. The dataset published
point cloud data at 20Hz and IMU data at 300Hz. We ran
FAST-LIO2 synchronously to obtain real-time localization
and pose estimation information during testing. The size of
the local elevation map was uniformly set to 8m × 8m, with
a resolution of 0.05m. We down sampled the point cloud
data with a voxel size of 0.05m and only used points within
the height range of [−1.0m,+1.5m] in the sensor frame.

In our dataset tests, we compared the local traversability
mapping performance with the CPU baseline method pro-
vided in [9], as well as the GPU baseline methods provided
in [11] and [12], which we respectively referred to as CuCpp
and CuPy. We also compared the map filling performance
with the original method proposed in [18] and the filling
method used in [12]. We set the weights for features as
wslope = 0.4, wstep = 0.3 and wrough = 0.3. The CPU
baseline method used the same features and weights to
calculate the traversability using filters. The CuCpp method
used two features, slope and roughness, with wslope = 0.5
and wrough = 0.5. The CuCy method used a pre-trained
neural network to predicate traversability. The threshold
values for individual features were set as θc = 0.6rad for
slope, hc = 0.2m for step, and rc = 0.2m for roughness.

Fig. 8 presents a comparison between our approach and
other methods for generating traversability elevation maps of

30m

Fig. 7. The actual environments of datasets. The environments comprise
indoor and outdoor settings, with a variety of terrains, as well as suspended,
vertical, and dynamic objects. The overview comes from Google Earth.

complex structured and unstructured environments.
1) Suspended Objects Handling: As shown in Fig. 8 (a),

(b) and (g), Our method could effectively remove passable
unstructured hanging branches and structured suspended
table in front of the robot with ground elevation and robot
height, while other methods failed to handle these objects.

2) Terrain Traversability Analysis: Fig. 8 (c) and (d)
shows narrow passable terrains consisting of vertical railings
and vegetation. Compared to other methods, our method
separated vertical objects from ground features in analysis,
resulting in a more accurate and clear representation of
traversable areas on the map. As for the unstructured and
non-vertical objects, such as rocks in wild showed in 8 (e),
our method considered them as terrains with risky slope and
calculated traversability with neighborhood features. Such
traversability analysis is more suitable for UGV to accurately
determine the terrains with different risks.

3) Dynamic Object Handling: As shown in Fig. 8 (f) and
(g), the CPU baseline method resulted in significant delays
because of the long processing time on map, manifested as
the absence and residue of dynamic obstacles on the map.
Different from CuCpp, our method checked the visibility of
all cells and reconstructed the cleared ground to reduce map
gaps. Our updated terrain is closer to the latest point cloud,
demonstrating better data synchronization than CuPy.

The time consumptions results are shown in TABLE I, and
CuCy is not included due to its different program structure.
Although the GPU methods incur additional time when
copying memories between devices, our processing speed
on map is much faster than the CPU baseline, and slightly
slower than CuCpp due to additional processes.

4) Map Filling Comparison: A comparison of our method
with the original Bayesian sparse kernel inference method
(BGK) provided in [18], and the min-filter and inpaint meth-
ods used in [12] is shown in Fig. 9. Although our method
cannot completely fill the map in some occluded environ-
ments, it was dense enough for traversability analysis and re-
duced over-filling errors. The BGK and inpaint methods were
prone to misjudgment in sparse areas due to maintaining the
trend of terrain changes, shown in Fig. 9 (a), (b) and (c),
and the min filter tended to make overly conservative terrain
predictions, leading to erroneous concave terrain shown in
Fig. 9 (d). Benefiting from the line search inference, the
propagation direction of our inference remained consistent
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Fig. 8. Comparison of traversability mapping performances. The leftmost column shows the real environments of the dataset, other columns show the
traversability mapping results. The small axis indicates the pose of the robot, and the white points are point cloud data. The yellow boxes indicate the special
terrains and objects mentioned in the text. The arrows represent the motion directions of the robot (red) and dynamic objects (yellow). In the traversability
maps, red represents impassable areas, green represents passable areas, and the color change from green to red indicates a decrease in traversability.

Raw map BGK Ours Min filter Inpaint
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(b)
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Fig. 9. Comparison of map filling performances. The first column on the
left shows the sparse elevation map without filling. The color in iridescence
order represrents the elevation, and the minimum elevation color is purple.

with the robot’s motion, which makes our method suitable
for different environments. Additionally, our method’s filling
results in sparse areas were more accurate than other methods
due to the constraints on inference and the refilling method.

B. Navigation Test

We tested the real-time traversability mapping perfor-
mance of our approach in structured and unstructured en-
vironments using the testing platform shown in Fig. 6. The
point cloud filtering and map parameters settings remained as
the dataset testing, while the traversability parameters were
modified according to the platform’s mobility performance,
with slope threshold θc = 0.6rad , step threshold hc =
0.15m, and roughness threshold rc = 0.2m.

We tested the navigation performance of our testing plat-
form in unknown environments using the local traversability
map. We converted the local traversability map into a 2D
cost-map and used the ROS navigation stack for autonomous
navigation. The path planning was performed using the A*

environment

traversability
map

costmap

Fig. 10. Navigation in structured and unstructured environments. Left is
indoor structured environment with obstacles, moving object (the yellow
box with moving direction arrow) and risk terrains (yesllow boxes with a
small 15◦ slope and 6.5cm boxs). Right Shows an unstructured environment
with rough grass, trees, rocks and passable hanging object (blue boxes). The
white points are the 2D point cloud at the plane of LiDAR. The small axis
indicates the pose of the robot. The purple line is the global path and the
orange line is the local path.

algorithm in gloabl and the DWA method in local.
The real-time generated traversability maps and cost-maps

are shown in Fig. 10. In the structured indoor environment,
our method could accurately determine impassable obstacles
with passable small slopes and boxes, update and clear
dynamic object with a very small delay. In the unstructured
environment, our method could accurately identify tree and
rock obstacles in rough and sloped forest environments, and
calculate traversability for passable rough terrain such as tree
pits, and hanging branches above the robot. The 2D planning
system can navigate through complex environments with the
cost-maps generated from our traversability maps.

Our system generated traversability maps and cost-maps at



the same frequency (20Hz) of inputs on the onboard Nvidia
AGX Xavier. The time consumptions result is shown in TA-
BLE I, which meets the real-time performance requirement
of low-speed dynamic terrain perception.

V. CONCLUSIONS

In this paper, we proposed a novel method to generate
dense local traversability maps in real time. The ground
elevation attribute is introduced to elevation maps, and line-
search Bayesian elevation inference is used on ground ele-
vation to make the traversability map denser and subdivided
on terrains. Experimental results have shown that our method
can find clearer travelable areas from different environments.

Our method has achieved good performance in complex
environments. However, it faces challenges when dealing
with soft objects such as traversable grass, and special
weather conditions that affect sensors. Nonetheless, due to
the compatibility of our method with point cloud inputs from
multiple sensors and its extensibility in grid map layers, we
have the potential to address these challenges by integrating
different sensor data and non-geometric features in future
work. For further improvement of terrain traversability anal-
ysis and navigation, we will focus on introducing proprio-
ception and visual features into our system.
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