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Abstract— Efficient and reliable navigation in off-road envi-
ronments poses a significant challenge for robotics, especially
when factoring in the varying capabilities of robots across dif-
ferent terrains. To achieve this, the robot system’s traversability
is usually estimated to plan traversable routes through an
environment. This paper presents a new approach that utilizes
Deep Multimodal Variational Autoencoders (DMVAEs) for
estimating the traversability of different robots in complex off-
road terrains. Our method utilizes DMVAEs to capture essential
environmental information and robot properties, effectively
modeling factors that influence robotic traversability. The key
contribution of this research is a two-stage traversability estima-
tion framework for various robots in diverse off-road conditions
that integrates robot properties in addition to environmental
information to predict the traversability for various robots in
a single model. We validate our method through real-world
experiments involving four ground robots navigating an alpine
environment. Comparative evaluations against state-of-the-art
traversability estimation methods demonstrate the superior
accuracy and robustness of our approach. Additionally, we
investigate the transfer of trained models to new robots,
enhancing their traversability estimation and extending the
applicability of our framework.

I. INTRODUCTION

The need for reliable navigation in robotic systems in
applications ranging from search and rescue to environmental
monitoring has underscored the importance of developing
robust and adaptive traversability estimation methods in
outdoor environments [1]. For successful navigation, robots
must not only perceive their environment, but also assess the
feasibility of traversing it given their capabilities [2], [3].
Existing approaches, primarily based on machine learning
(e.g. [4], [5]), often focus on specific robots and limited
environment scopes, failing to provide a comprehensive
solution that is able to deal with heterogeneous robots and
varying terrains. In response to the growing need for com-
prehensive traversability estimators, the importance of devel-
oping adaptable methods becomes apparent, especially as the
robotic landscape expands to a wide range of applications.
As technological advances drive the introduction of new
robots, each with different physical attributes and sensory
configurations, the need to consider a robot’s capabilities
in traversability analysis becomes necessary [4], [6], as
retraining traversability models from scratch for each new
robot becomes time-consuming and impractical. The ability
to transfer knowledge and insights from previously trained
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Fig. 1. Overview of the proposed two-stage DMVAE framework. In stage
one, a variational autoencoder is trained on environmental data and on a
robot identifier to represent the input in a probabilistic latent space. In stage
two, the latent space is used to generate training samples to learn a neural
network that predicts the traversability for a given robot.

models to new robots accelerates the deployment of ground
robots with different capabilities in diverse environments [7].
It also maximizes the utilization of existing data sets and
expertise, minimizing the data collection effort required for
each new robot.

This paper presents a new data-driven framework for
traversability estimation for heterogeneous robots in diverse
environments that can be used for global path planning.
Using deep multimodal variational autoencoders (DMVAEs)
[8], [9], our framework combines robot-specific properties
to represent a specific robot and environmental information
from aerial imagery to improve traversability predictions,
with the goal of increasing the applicability of the framework
to different robotic systems. At the core of this research
fosters the development of a holistic system capable of
estimating the traversability for different types of robots
in different environments. Therefore, the DMVAE-based
framework works in two stages, as can be seen in Figure 1. In
the first stage, it captures probabilistic latent representation of
the input data, including both environmental information and
robot-specific properties, which have already been shown to
have an impact on traversability estimation [6]. By design
and the used input, this stage of the framework has the
advantage that it can be trained on data that is relatively
easy to obtain, since there is no need to directly deploy
a robot in the field. In the second stage, multiple robot
systems are deployed in the field to collect data that can
be used to estimate robot-dependent traversability in a given
environment. This data is then used as ground truth to
learn the traversability for a robot in a given environment.
Furthermore, the probabilistic nature of latent representations
is used to generate multiple training samples for a ground
truth data point in order to incorporate the latent distribution
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into the traversability estimation. This comprehensive fusion
of data sources enables our model to recognize intrinsic
features from the input data that govern the traversability of
a specific robot, resulting in more accurate and personalized
predictions. To validate our approach, we conducted real-
world experiments in an outdoor environment using data
collected with four different robots. The results show the
ability of our DMVAE framework to consistently improve
the performance of traversability estimation, and demonstrate
its robustness across a range of scenarios and terrains.
Furthermore, our evaluation investigates the transferability
of the proposed framework to new robots, showing its
adaptability within a broader set of applications. Extensive
evaluations are performed against a baseline method to assess
the effectiveness of our approach. The results highlight the
superiority of our approach in terms of performance and
robustness, thus confirming the suitability of deep DMVAEs
for traversability estimation.

The main contributions of this work are: 1) the integration
of a robot identifier as additional parameter in a deep
learning model for a multi-robot traversability estimator, 2)
the proposal of a deep multimodal variational autoencoder
(DMVAE) framework for improved traversability estimation,
3) the use of the generative capabilities of variational auto
encoders to improve results and reduce the required amount
of training data, and 4) the investigation of the ability to
transfer traversibility estimation models between heteroge-
neous robots and new environments.

The rest of this paper is organized as follows. Section II
discusses related work in the area of traversability estimation.
Section III formulates the problem and describes the learning
process. Section IV presents a performance evaluation of
the proposed framework and a comparison with a baseline
approach. Section V concludes the paper.

II. RELATED WORK

The task of traversing an environment can be optimized
for a variety of objectives, including energy consumption,
traversal time, smoothness, and collision risk [10], [11]. An
alternative approach is to identify unstable motion patterns
that should be avoided in order to model costs based on a
robot’s motion stability [12]. Some studies (e.g. [13]) focus
on estimating a single objective, while others (e.g. [14], [15])
define traversability as a combination of multiple objectives.

One of the main objectives used in traversability estima-
tion is to predict the traversal time through an environment.
This objective is studied in a variety of contexts, with a
primary focus on the dynamics of the robot in a given
environment [16], [17]. The traversability for a robotic sys-
tem has been studied using different sensors and data, such
as proprioceptive measurements [18], [19], geometry-based
representations [20], or vision sensors [21]. However, these
traversability estimates do not take into account the effect of
the environment on the robot’s movement, but they can be
used in conjunction with the robot’s theoretical dynamics to
compute a time-optimal path. To account for environmental
factors, the authors of [22] propose a data-driven approach

that also considers the effect of the environment on the
traversal time estimate.

Another popular objective for quantifying the traversabil-
ity of a terrain is energy consumption. For example, Quann
et al. [13] propose a physics-based approach to predict the
energy consumption for a robot by first acquiring friction
coefficients from given areas and then applying Gaussian
process regression to estimate the coefficients for new areas.
The method also suggests using a grayscale satellite image
to gain more information about unseen environments. While
this method works well on terrain with available energy
measurements, it is also shown that it does not generalize
well to new environments where no data is available. Wei
and Isler proposed a data-driven approach to predict energy
consumption based on height information around the robot
using deep learning [5]. It is shown to work well on the same
type of terrain, but does not generalize well to other types of
terrain without retraining the network with new data. Build-
ing on this work, the authors of [22] adapted this approach
and integrated semantic terrain information in addition to
the geometric information retrieved from an elevation map
to improve generalization on different types of terrain. Other
works further adopt the use of environmental information in
data-driven approaches for traversability estimation based on
other objectives such as traversal time or smoothness [23],
[24]. While the aforementioned approaches mostly assume
environmental information as a prerequisite (e.g. provided by
aerial data as in [22]), other work shows the applicability of
a data-driven pipeline using on-board perception [25]. More
recently, work has been done on estimating probabilistic
traversability models to enable risk-aware motion planning
in off-road environments [26], [27]. In [28], the authors
propose the use of autoencoders to predict the traversability
of an environment by aiming to reconstruct safe terrain. By
using the reconstruction error, safe traversable areas could
be identified. Another work uses the reconstruction error of
autoencoders to provide a confidence rating for traversal in
a given environment [23]. The authors of [29] construct a
latent space representation of the environment from deep
encoders to improve the dynamic models of a robot used
for optimizing trajectory planning. Similarly, conditional
variational autoencoders are used to predict the trajectory
of robots [30]. Furthermore, the authors of [27] propose the
use of latent spaces for feature extraction from environment
representations to perform traversability analysis. In [31],
Generative Adversarial Networks (GAN) are used to classify
motions as traversable or not, using visual data as input.

Most proposed works so far focus on a specific robot
at a time. However, the use of transfer learning to transfer
the traversability estimates to a new robot system or a new
environment is already being explored [7], [32]. It has been
shown to have advantages for the application of traversability
estimation by providing faster training, convergence, and
generally requiring fewer training samples [33], [34]. While
faster training and convergence have already been inves-
tigated for traversability analysis in [23], an investigation
of the amount of data required to transfer a traversability
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estimation to a new robot system is still missing.
In this work, we estimate the traversability for a robot

through an environment with the objective of minimizing the
traversal time, using both geometric and semantic environ-
mental information derived from aerial imagery, by present-
ing a data-driven traversability estimator that can be applied
to different (heterogeneous) types of robots. Furthermore, we
investigate the generalizability of the proposed approach to
test how well traversability estimation for new robots can be
done using a pre-trained architecture. Then, an investigation
of the required amount of training data to transfer a pre-
trained model to a new robot system is conducted.

III. CONCEPT

The task of the proposed framework is to predict the
traversability along a path segment px of unit length for
different types of robots. This is done by training a deep
neural network on multimodal input consisting of an en-
vironment patch xe along this path segment (as shown in
[5]) and a robot’s identifier xr that is assigned to a robot.
Typically, the traversability along a path is described by
a cost-based representation that can be derived from a
traversability objective. The entire process of predicting the
traversability costs cx for a given traversability estimate y
(e.g. speed) can be described by a cost function C on y,
which in turn is derived from a (learned) function f that
predicts the traversability for a given robot r in environment
e along path segment px using xe and xr as input:

cx =C(y),with y = f (xe,xr). (1)

In this work, we focus on approximating f using machine
learning (ML) in two stages: a sample generator (stage one)
and a predictor (stage two). An overview of the concept
is shown in Figure 1. There, the concept of variational
autoencoders (VAE) [35] is used to obtain a probabilistic
encoder that maps the high-dimensional input x = (xe,xr) to
some latent variables z. Then, the latent variables z are used
as input to an ML-based predictor to estimate traversability.

More precisely, in the first stage, we aim to create a
probabilistic encoder that maps the data x to the latent
variables z. This mapping is usually shown as a probabilistic
distribution qθ (z|x), with θ representing its parameterization.
It models the posterior distribution of the latent variables z
in relation to the input data x. The encoder can be depicted
as a Gaussian distribution with mean µ and variance σ

qθ (z|x) = N (µx,σx) (2)

where µx and σx are the mean and variance of the Gaussian
distribution determined by the encoder output for x. In prac-
tice, the parameterization θ of the encoder is learned using
a neural network that maps the input x to the mean vector
µx and the covariance matrix σx. The learned parameters of
the Gaussian distribution are then used to generate samples
z ∼ N (µx,σx). To make the model differentiable and to
facilitate the training of VAEs, the reparameterization trick
is used. It allows sampling from qθ (z|x) by sampling from
a standard Gaussian N (0, I) with an identity matrix I as

covariance and then transforming it using the mean and
variance obtained from the encoder:

z = µx +σx ⊙ ε (3)

where ε is a vector randomly sampled from N (0, I).
To train the encoder, a decoder pφ (x|z), parameterized by

φ , must be used to form a variational autoencoder (VAE).
The decoder represents the probability of generating the input
data x given the latent variables z. Again, φ is a parameter-
ization that is usually learned using neural networks. The
training objective for a VAE is to maximize the evidence
lower bound (ELBO) [36], which can be represented as a
combination of the reconstruction loss (computed from the
original input x and the reconstruction x̂) and the Kullback-
Leibler (KL) divergence [37]. The KL divergence is com-
puted between the approximate posterior qθ (z|x) (encoder)
and the prior distribution over the latent variables p(z), which
is chosen to be the standard Gaussian N (0, I):

ELBO = Eqθ (z|x)[log pφ (x|z)]−KL(qθ (z|x), p(z)) (4)

The second part of the proposed framework is to generate
samples from the encoder using input x and to estimate the
traversability for multiple robots with different identifiers
xr in environment e from recorded ground truth data y∗.
Therefore, a function ŷ = ĝ(z) is learned that takes a single
latent variable z as input and predicts the traversability
estimate ŷ for z (and consequently for x). The function ĝ can
be approximated by training a neural network by minimizing
the root mean squared error (RMSE) between the ground
truth y∗ and the prediction ŷ. As input, the ground truth data
y∗ must be recorded, which is linked to z via the environment
and robot information in the encoder input x = (xe,xr).

To estimate the cost of traversal for a robot system on a
path segment px, the framework can now be used to estimate
f in two stages such that

cx =C(y),with y = f (xe,xr)≈ ĝ(z) and z ∼ qθ (z|x) (5)

Here, C(y) represents a predefined cost function for a given
traversability estimate (e.g. for speed it can be its inverse
C(y)= y−1). The advantage of this two-step process is to take
benefit of the generative capabilities of the VAE, which can
be used to generate multiple samples based on the learned
latent distribution. This, in turn, allows more training samples
to be generated for the predictor, with the goal of reducing
the required number of ground truth samples that must be
laboriously collected and to improve overall performance.

IV. EXPERIMENTS AND RESULTS

In this section, we present the experimental setup and
process used to investigate the performance of the proposed
framework. Therefore, we describe the environment, the
data generation process, and the network before presenting
the experimental results. To validate the framework, several
experiments were conducted. First, the impact of the gen-
erative capabilities of VAEs on the overall performance is
investigated. Then, the proposed approach is compared to a
baseline method to investigate the usefulness of using robot
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Fig. 2. Overview of the test environment. Left: orthographic overview of the experimental environment. Center: segmented environment into 17 land
cover classes of which 10 are traversable. Right: elevation information on the environment represented as slope.

identification as an additional input to identify various robots
and predict their traversability using a single network. Fi-
nally, the amount of additional ground truth data required to
transfer a pre-trained network to a new robot is investigated.

A. Experimental Setup

The experiments were conducted on the Seetaler Alps,
an alpine off-road environment and military training area in
Austria. To train the encoder (stage one) of the proposed
framework, environmental information retrieved from earth
observation data from satellite imagery was used to generate
an orthophoto O of the environment as well as an elevation
map H with a resolution of 0.25m/px. From this information,
the orthophoto was manually segmented to annotate the
terrain classes according to the label definitions from [38],
resulting in a terrain map T with 17 terrain classes, 10 of
which are typically traversable by a robot. A visualization
of the environment maps is shown in Figure 2.

Furthermore, a robot identifier was added as an additional
input to provide information about a robot system. For this,
seven properties of a robot were chosen as identifiers, which
are able to describe the robot and are known to affect
the traversability of a robot [6]. The chosen properties are
its dimensions (width, length, height), ground clearance,
weight, maximum speed, and locomotion type. This was
done instead of using a single variable as identifier in order
to use information that could be potentially important when
it comes to estimating a robot’s traversability. It should be
noted, however, that variational autocoders do not take into
account correlations between data points, such as between
robot properties (e.g., weight to dimensions) in the latent
distribution. For this, the design of the priors would need
to be adapted to allow for the training of correlations and
explicit data properties, as suggested in [39], [40].

The training data for the first stage is then generated
by extracting environment patches xe = (Ox,Hx,Tx) of size
2m×2m = 8×8px (as described in [22]) around a random
pose from the three environment maps O,H,T and assigning
random robot properties xr to them. Since extracting the
environment patches and identifying the robot properties
is relatively easy, this stage can be trained with a large
number of training samples. This also allows learning a
generalized representation that can improve performance in
new environments (see Section IV-D). A total of 100.000
data samples were generated as training data and an addi-

Fig. 3. Example reconstruction result from the first stage. Input data is
normalized to [0,1] using the maximum values as described in [22]

tional 25.000 as test data for the first stage. The training
architecture of the encoder consists of three convolutional
layers for the environmental information, as used in [23], and
is extended by an additional fully connected network for the
robot capabilities (see Figure 1). A total of |z|= 8 variables
were chosen for the latent representation. The network was
trained with ELBO as loss function (see Section III) and
managed to learn a decent reconstruction, as shown in Fig. 3.

In the second stage, the actual traversability of different
robot systems is estimated based on the samples obtained
from the latent space distribution. For this purpose, motion
data were recorded using four different mobile robots, which
differ in various ways, such as locomotion type, size, or
weight. The robots used were a tracked robot (Rovo3) from
Mattro1, a wheeled skid steer robot (Husky) from Clearpath
Robotics2, a legged robot (Spot) from Boston Dynamics3,
and a wheeled robot with double Ackermann steering (Mer-
cator) developed by TU Graz [41]. Figure 4 shows the robots
used, and Table I lists some properties used as input in the
proposed framework.

The data for the second stage was recorded along a pre-
defined route (see Fig. 2) with the goal of covering realistic
and diverse environment settings (different combinations of
slope and land cover) that represent the diversity of the
traversability in the area. The traversability objective was
chosen to be the speed of a robot through the environment
along a path segment px of length 1m. To capture this,
the robots were manually controlled by an operator who

1www.hawe.com/products/robot-platform/
2www.clearpathrobotics. com/husky-unmanned-ground-vehicle-robot/
3www.bostondynamics.com/products/spot
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Fig. 4. The four robots used within the experiments. From left to right:
Mattro Rovo3, Clearpath Robotics Husky, Boston Dynamics Spot, TU Graz
Mercator.

TABLE I
SPECIFICATIONS OF THE FOUR ROBOTS USED FOR DATA RECORDING.

Rovo3 Husky Spot Mercator
Dimensions

(L×W ×H in m) 1.2×1.2×0.5 1.0×0.7×0.4 1.1×0.5×0.7 1.8×1.2×1.2

Weight (kg) 295 50 32 550
Ground clearance (m) 0.15 0.13 0.3 0.12

Max speed (m/s) 4.15 1.0 1.6 3.0

Locomotion Type Skid Steering
(Tracked)

Skid Steering
(Wheeled) Legged Double Ackerman

(Wheeled)

followed the robot and had the task of maneuvering the robot
as fast as possible along the predefined path. The maximum
speed of all four robots was limited to 2m/s. The velocity
for traversability estimation was obtained using a UKF on
IMU data (Xsens MTi-G-710) and a high precision GNSS
sensor with RTK (geo-konzept). To allow replication of our
experiments and to encourage further research in off-road
terrain analysis, the recorded dataset (with additional data
recordings) is publicly available4.

Since the robots have different outdoor capabilities, they
were not able to follow the planned path exactly or were
unable to access parts of the route. Thus, the exact recorded
path and the number of training samples, as well as the
distribution of land cover and slopes, differ slightly. For
example, Spot was only able to travel a small portion of
the planned route due to terrain that was too difficult for
it to traverse, resulting in an abbreviated data collection.
For Mercator, part of the route was blocked by a fence that
could not be circumvented. In total, 10.16km were recorded
with the robots and used to generate training samples for the
predictor (stage two) by linking the recorded velocities of a
path segment to its corresponding environmental sample and
robot properties. This resulted in 35.218 data samples (29%
Husky, 23% Rovo3, 33% Mercator, 14% Spot), which were
randomly split 80/20 into a training and a test set for each
robot to train the second stage. More information about the
recorded data set can be found in [24]. The test results of
this training are shown in the following sections.

B. Performance Investigation of Generative Capabilities

As an initial verification of the functionality of the pro-
posed framework, the system was trained on all four robots as
described above, using one sample generated by the encoder.
To evaluate the performance, the root mean square error
(RMSE) and the mean absolute percentage error (MAPE)
were calculated on the test results of the predictor. This
resulted in an RMSE of 0.24m/s and a MAPE of 19.75%,
confirming the overall functionality of the approach. The next

4https://robonav.ist.tugraz.at/data/

TABLE II
PERFORMANCE RESULTS OF THE TRAVERSABILITY PREDICTOR ON A

DIFFERENT NUMBER OF GENERATED SAMPLES.

# Generated Samples
1 5 10 15 20 40

RMSE (m/s) 0.24 0.20 0.19 0.18 0.17 0.15
MAPE (%) 19.75 15.55 15.18 13.73 13.36 11.81

TABLE III
TRAVERSABILITY PREDICTOR VS BASELINE RESULTS.

Husky Rovo3 Mercator Spot All
RMSE (m/s) 0.15 0.20 0.42 0.17 -[22] Seperately

trained MAPE (%) 12.86 19.74 30.03 11.31 -
RMSE (m/s) 0.19 0.29 0.54 0.20 0.36[22] Combined

No Identifier MAPE (%) 19.66 24.96 34.12 18.1 25.43
RMSE (m/s) 0.16 0.19 0.29 0.17 0.22[22] Combined

w. Identifier MAPE (%) 15.47 19.4 18.43 12.78 16.99
RMSE (m/s) 0.13 0.15 0.18 0.11 0.15DMVAE

(ours) MAPE (%) 11.71 12.50 12.90 8.33 11.81

step was to investigate whether the trained latent distribution
of the encoder could be used to improve the prediction results
by exploiting the generative capabilities of the VAE. This
is done by retraining the predictor on a larger number of
training samples which are generated by running the encoder
multiple times on an input sample to generate multiple latent
samples (z) that represents the distribution of the latent space.
Table II provides an overview of the test results using a
different number of generated samples.

It can be seen that when the number of training samples
generated by the encoder is increased, the overall errors
decrease significantly. The optimum in our experiments is
achieved for the chosen maximum of 40 generated samples
with an RMSE of 0.15m/s and a MAPE of 11.81%. This
confirms the applicability of the proposed framework, es-
pecially the use of the generative capabilities of VAEs to
improve the prediction performance.

C. Comparison to Baseline

A performance comparison was performed to compare
the proposed approach to another state-of-the-art approach
that uses patch-based environment information from aerial
data to predict the traversability of a robot. Therefore, the
results were compared to the approach presented in [22],
which was used as basis for this work.Since the baseline
is trained using only a single robot system, the following
adaptations and comparisons were made. First, the baseline is
trained separately on each robot type to obtain the prediction
performance of each robot. Then, the training data from all
four robots are combined and used to train the baseline again.
To investigate whether robot identification can improve the
performance of the baseline, a robot identifier was added
to the baseline as a third competitor. Table III shows the
test results of the performance comparisons. When the base-
line was trained separately on each robot (’[22] Seperately
trained’), good overall performance results were obtained for
Husky, Rovo3, and Spot. The performance of Mercator is
significantly worse, although no direct reason for this could
be observed. When retraining the same network with all
robot data combined (’[22] Combined No Identifier’), the
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Fig. 5. Excerpt of the new environment information. For annotation, the
same legends are used as in Fig. 2.

performance of all robots gets worse, as expected. This is due
to the fact that the training samples of all four robots were
recorded in the same environment, but have different ground
truth values for the traversability. To see if this problem
could be solved with additional information, a robot identifier
containing the robots’ properties was added as an additional
input to the baseline method (’[22] Combined w. Identifier’).
This significantly improved the overall performance of the
network, and even improved the prediction performance for
Mercator, which had the worst performance. This suggests
that by using an robot identifier and multiple robots for
training, general features can be learned that can be applied
to robot systems that lack these features. When comparing
all baselines to the proposed framework, our method out-
performs the baselines for every single robot, highlighting
the performance of the framework. However, it should be
noted that the proposed approach gives similar results as the
baseline ’[22] Combined w. Identifier’ when trained on only
one generated sample (see Section IV-B).

The results highlight two main benefits of the proposed
framework. First, the approach demonstrates the utility of
robot identifiers in predicting the traversability of different
robots within a unified network, and can even improve
the overall prediction performance of individual robots by
using general learned features. Second, the use of generative
functionalities inherent in the proposed framework provides
a valuable avenue for performance improvement.

D. Adaptability in new Environments

To investigate the generalizability of the proposed frame-
work to new environments, a performance comparison
with the baseline ’[22] w. Identifier’ was performed in a
completely new environment. Therefore, velocity data was
recorded for a single robot (Husky) in a new environment
more than 40 km away from the training environment.
Figure 5 shows a section of the new environment used
for this evaluation. The results show that the proposed
approach (RMSE 0.21m/s, MAPE 18.79%) outperforms the
baseline (RMSE 0.29m/s, MAPE 27.45%), suggesting a
better generalizability of the proposed framework in new
environments. This may be due to the large amount of input
data generated for the first stage from environmental data
and robot properties, as this may allow better learning of
relevant environmental features in the latent space.

E. Transfer to new Robots

To test how well the proposed approach works on new
robots, a performance comparison was made between a
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Fig. 6. Average performance results of all four robots, once trained on a
pre-trained network and once trained from scratch.

robot trained on a pre-trained predictor (’pre-trained’) and a
predictor trained from scratch (’newly trained’) on different
amounts of training data. Therefore, each of the four robots
was trained once alone from scratch and once using a pre-
trained network which was trained on the data of the other
three robots. This was done several times using different
percentages of training samples. Figure 6 shows the average
MAPE on the test data, computed from all four robots
trained on the predefined network and from scratch, over
a different percentage of training data. The upper and lower
limits indicate the best and worst performance of the four
robots. It can be seen that the pre-trained models outperform
a newly trained one when using less training data, while both
converge to the optimum when using the full dataset. Fur-
thermore, it can be observed that the performance deviation
of the robots from the average is smaller when using a pre-
trained model, indicating a higher training stability.

V. CONCLUSION

This paper proposes a new framework for estimating the
traversability in off-road environments for different robots
using a two-stage process. Stage one aims to learn a la-
tent distribution from environmental information and robot
properties by learning a variational autoencoder on readily
available data about the environment and the robots. Stage
two uses the latent distribution to generate training samples
to learn a traversability estimator for the different robots.
It is shown that robot identifiers can be used to better train
the traversability estimation for various robots within a single
network, and that the proposed framework outperforms base-
lines by exploiting the generative capabilities of variational
autoencoders. Furthermore, the framework is able to better
generalize to new environments due to the large amount
of training data available for the first stage. The proposed
approach not only advances the state of the art in traversabil-
ity estimation, but also contributes to the broader area of
field robotics by contributing to the challenges of outdoor
navigation. To further improve the traversability estimation
and to exploit the similarities between robots, the integration
of correlations between the robot properties used as input
will be done using correlated variational autoencoders [39].
Moreover, the benefits of incorporating the robot description
directly into the encoder of the VAE is to be investigated.
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