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Abstract— Traversability estimation in rugged, unstructured
environments remains a challenging problem in field robotics.
Often, the need for precise, accurate traversability estimation
is in direct opposition to the limited sensing and compute
capability present on affordable, small-scale mobile robots.
To address this issue, we present a novel method to learn
[u]ncertainty-aware [n]avigation features from high-fidelity
scans of [real]-world environments (UNRealNet). This network
can be deployed on-robot to predict these high-fidelity features
using input from lower-quality sensors. UNRealNet predicts
dense, metric-space features directly from single-frame lidar
scans, thus reducing the effects of occlusion and odometry error.
Our approach is label-free, and is able to produce traversability
estimates that are robot-agnostic. Additionally, we can leverage
UNRealNet’s predictive uncertainty to both produce risk-aware
traversability estimates, and refine our feature predictions
over time. We find that our method outperforms traditional
local mapping and inpainting baselines by up to 40%, and
demonstrate its efficacy on multiple legged platforms.

I. INTRODUCTION

More and more robots are being deployed in rough-terrain
applications such as construction and disaster response [1-5].
While these robots (which are often legged) have the promise
of performing work that is potentially time-consuming and
dangerous, these environments often present mobility chal-
lenges due to clutter, dangerous terrain, occlusions, and
change in the environment over time. As such, there is need
for fast, precise and uncertainty-aware traversability analysis.

At a high level, traversability analysis is the process of
constructing cost functions that quantify how desirable it is to
reside in a particular region. This process is performed using
on-board sensing (such as lidar or camera) and on-board
compute. Classical approaches to traversability estimation
typically rely on accurate perception to reconstruct the local
environment, and apply hand-crafted rules to determine the
cost function sent to planning and control modules. Unfor-
tunately, this means that traversability estimation modules
are subject to limitations and errors in perception such as
odometry drift and occlusion, and often propagate these
errors to planning and control, with potentially dangerous
consequences for the robot and its operators.

Learning presents a promising solution to this problem,
as deep neural networks are able to generate complex
predictions that capture abstract environmental priors (e.g.
most rooms have flat floors, boxes have a particular shape,
etc.). However, generating precise ground-truth labels in high
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Fig. 1: We propose UNRealNet (b), a network that pro-
duces high-quality, robot-agnostic navigation features and
traversability (c) directly from pointclouds from an on-board
sensor (a). Colormap for risk maps included for clarity.

quantities to train such a neural network is challenging. Prior
work [6,7] often leverages aggregation of future sensing (i.e.
predict the map at time ¢+ k from the sensing at time ¢), but
such approaches are limited by the quality of the SLAM
algorithm, the accuracy of the sensor, and the mobility
limitations of the robot. The end result is that training labels
may be noisy and incomplete. While simulation may provide
a means to address these issues [8], simulated environments
are often overly simplistic and models trained purely in
simulation may not successfully bridge the sim-to-real gap.

Additionally, uncertainty is a critical component of
traversability estimation. In practice, there will be environ-
mental ambiguities (such as occlusion and out-of-distribution
objects) that cannot be resolved by on-board sensing. It is
thus critical that traversability estimation methods be able to
both recognize and address said uncertainty. Learning based-
methods have shown promise in uncertainty estimation [9,10]
for their ability to learn environmental priors, producing
uncertainty estimates that go beyond common heuristics.

In this work, we leverage a high-precision laser scanner to
generate very accurate and dense reconstructions of several
unstructured environments. This allows us to generate high-
quality traversability features without the need to address
common robotic perception limitations such as occlusion or
drift in state estimation. In order to deploy on-robot, we use a
label-free learning pipeline where we generate large amounts
of simulated lidar data, and the corresponding traversability
features. We then train a neural network to predict these
features directly from raw pointclouds and demonstrate its
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efficacy in producing dense, metric traversability estimates
directly from sparse lidar data.

II. RELATED WORK

Given its importance in mobile robot autonomy,
traversability estimation has been the focus of much re-
search [11-14]. Of particular importance to this work is the
approach described by Fankhauser et al. [15] and Chilian
et al. [16], which is a commonly-used baseline for legged
traversability. This method relies on computing several ter-
rain features from a digital elevation map (DEM), which are
combined via Equation 1 into a cost function for downstream
planning. For each feature f, the user is required to specify
two parameters oy, fos¢, Which specify the importance of
that feature, and a critical value over which the robot should
not traverse, respectively.

fi,j

Ci’j B ;(Oéf fcrit )

While the above methods are well-suited to estimating
traversability on fully-observed, accurately-measured terrain,
they are brittle with respect to sensing errors and limitations,
which are omnipresent in practice. Errors in odometry can
lead to terrain surfaces and obstacles being mis-estimated.
Dynamic objects such as people and vehicles can cause false
positives. Occlusions and negative obstacles can result in no
sensing data in areas dangerous to the robot. While methods
exist to combat these issues [17-19], they are often heuristic,
and time-consuming to compute.

Recent research in learning for traversability focuses on
learning environment priors to improve traversability estima-
tion in occluded or mis-estimated regions of the environment.
Ramakrishnan et al. [20] train a neural network to predict
occupancy maps from a ego-centric RGB-D images. They
demonstrate this network’s ability to leverage environment
priors from indoor environments [21,22] to improve nav-
igation and exploration. Additional work by Georgakis et
al. [10,23] extends this idea to semantic mappping and
uncertainty-aware exploration. Work done by Fan et al.
[24,25] estimate traversability using geometric features of
a terrain surface. In contrast to prior work, they define a
mapping from terrain features to distributions of cost, allow-
ing their navigation behaviors to reason about uncertainty.
Stolzle et al. [26] train a UNet to inpaint elevation maps,
given partial elevation maps. They demonstrate that their
network is capable of predicting occluded elevation values
on real-world data. Gan et al. [7] train a neural network
to predict semantics and traversability by building a 3D
reconstruction of the environment using the robot’s trajectory
and running traversability analysis on it. Meng et al. [6]
train a network to predict BEV-space semantics and terrain
information from stereo images. Similarly to Gan et al.
[7], ground truth is generated by aggregating pointclouds
over time and hand-labeling the resulting output. They then
demonstrate this network’s ability to produce cost maps for
planning by hand-designing a cost function that uses the
predicted semantic and terrain information.

(D

We differentiate ourselves from prior work by leveraging
high-precision laser scanners to generate high-quality ground
truth environment models. This gives us a more accurate
and complete pointcloud of the environment to leverage for
learning. In fact, the quality of our environment representa-
tion is sufficient for us to simulate realistic lidar scans for
training. Additionally, we differentiate ourselves from prior
work in that we predict a number of geometric features
important to traversability with uncertainty estimates, as
well as a principled way of leveraging this uncertainty in
traversability estimation. This allows our method to be aware
of uncertainty and robot-agnostic, while remaining label-free.

III. METHODOLOGY

Our goal is to train a neural network to predict dense
map of traversability features (M € RE*W*H where C is
the number of features, W is the map width, and H is the
map height) from a sparse, instantaneous pointcloud (P €
RP*3 where P is the number of points). Doing so will result
in a local map that is quick to compute and is robust to
occlusions as well as odometry drift. A high-level summary
of our method is presented in Figure 2.

A. Creating a High-Quality, Real-World Dataset

1) Mapping: To begin, we leverage a high-quality laser
scanner (a FARO Focus and Leica BLK360) and their
pointcloud registration software to generate a high-quality
pointcloud of six locations, over four unique environments.
This approach is preferred to relying on offline SLAM
algorithms for the following reasons:

1) With high precision and accuracy (up to 1 million
points per scan, at 1.0mm precision) [27], the precision
of these laser scanners exceeds that of common sensors
in robotics such as lidar and camera.

2) The high density of points in these scans makes it
possible to generate high quality data from synthetic
viewpoints. This allows us to create training pairs from
places the robot did not (or could not) traverse.

3) Near full coverage of the environment can be achieved
by not being reliant on the traversability capabilities of
the robot using the sensor.

In order to generate high quality, metric-space traversabil-
ity labels from this pointcloud, we run a simple elevation
mapping and freespace detection algorithm. The resulting
freespace was then manually refined. This step can easily
be replaced with a more sophisticated algorithm [28,29] if
needed. Given this elevation map, we can then construct
high-quality traversability features. As is common in prior
work [15,16], we use the step, slope and roughness of a local
neighborhood of elevation cells (the same as Chilian et al.
[16]). We find that the high precision of the pointcloud allows
for relatively nuanced costing of subtle terrain features such
as loose wires and smaller changes in elevation (see Figure
3). The end result of this local mapping step is that we now
have a dense, accurate pointcloud P, and corresponding
map features M, which can be leveraged for training.
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Fig. 2: An overview of our algorithm. We first create a high-quality map (1) from a pointcloud from a laser scanner. We then
generate synthetic pointclouds (2) and their corresponding ground-truth map features (3). We train UNRealNet to predict
the high-quality, robot-agnostic map features from the noisy, synthetic pointclouds (4, 5). We can then deploy this network
on multiple robots (6) by leveraging a robot-specific traversability function (7). Red arrows denote network inputs, blue
networks denote network outputs, and the orange arrow denotes the training objective (Equation 3).

resolution scanner. (a) the pointcloud from the scanner. (b)
the slope feature of the corresponding local map. We are
able to identify the edges of each wire. (c) A photo of the
environment and (d) the slope feature from the registered
pointcloud. The noise from the lidar and SLAM is too high
to see the wires.

2) Synthetic pointclouds: A key advantage of using a
dense pointcloud of the environment is that it is possible to
generate high-quality synthetic data from many viewpoints
that were not directly experienced by the robot. Thus, in
order to generate training pairs (P, M) from Mg, Py to
train our network, we can sample a pose in freespace p and
project Py, into the frame defined by p (equivalent to the
CP method described by Langer et al. [30]). This gives us
a pointcloud P that resembles what the sensor would have
observed from pose p. In order to generate the corresponding
set of map features, we can transform and crop the global
map based on p. Finally, we can apply a noising pipeline
(including range noise, robot self-hit masks, etc.) to make P
resemble the output of a robot sensor [31].

B. Traversability Prediction with UNRealNet

UNRealNet is a PointPillars-based [32] network designed
to predict traversability features directly from the above
synthetic pointclouds. Similarly to PointPillars, we first
define a metric region around the ego-pose (consisting of
a resolution, width and height). All points in this region
are passed through a PointPillars network (consisting of

a small PointNet [33], cell-wise max-pooling, and then a
UNet [34], which produces a cell-wise, factorized Gaussian
distribution for several traversability features (Equation 2).
This network is supervised by minimizing the negative log-
likelihood of the ground-truth map crop under the predicted
map distribution, where unobserved cells in the ground truth
map crop are masked out via a mask Mgy, (Equation 3). Note
that the network receives a training signal for cells observed
in the label that are not observed in the input, thus requiring
the network to inpaint map features.

fo(P) =N(,5),

,ELGRCXWXH, &GRCXWXH (2)

C. Probabilistic Traversability Function

While it is possible to compute a single traversability func-
tion at train-time, this approach has a significant downside in
that traversability estimates cannot be changed at deployment
time. This limitation would require re-training of the network
for any additional robot platform, or even when tuning the
cost function to specific user needs or risk tolerances. As
such, it is desirable to be able to re-compute traversability
using the predicted features from the network.

It is common practice to use Equation 1 as a cost function
for planning, where the features in question are geometric
terrain properties such as local slope and roughness. How-
ever, given our uncertainty estimates, it is more intuitive to
treat traversability as the probability that all map features are
below their critical values (Equation 4).

p(T™) = p(T*7 < forit, Vf) 4)
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Fig. 4: A visualization of a datapoint in our dataset, showing (a) the depth image obtained from simulating lidar in the
ground-truth pointcloud (blue=close, red=far), (b) the depth image obtained by running the original depth image through
the noising pipeline, (c) the BEV projection of the original pointcloud, (d) the BEV projection of noised pointcloud, and
corresponding crops from the ground-truth elevation map (e) and a sample traversability map (f).

Assuming that each map feature is an independent Gaus-
sian (i.e. f;; = (1,5, 0i,;)) allows us to simplify Equation
4 into Equation 5. This formulation only requires the eval-
uation and multiplication of several Gaussian cdfs, which
are easily computable at the speeds required for multi-Hz
traversability estimation over maps with tens of thousands
of cells. Additionally, this simplifies the burden on the robot
operator through the elimination of the o parameter.

p(Ti’j) = H Cdf(N(/J‘f’i’jv Uf’i“j)v fcrit) (5)
f

IV. EXPERIMENTS, RESULTS AND ANALYSIS

In total, we collected high-quality laser scans of five
environments at three active construction sites. Each scan
consists of a single floor (two floors were collected at two
sites). The above data generation process was run on each
environment, yielding a total of around 30,000 train samples
and 12,000 test samples (roughly a 70 — 30 test-train split).
Additionally, a sixth environment (at a different site) was
collected and used solely for testing. This site yielded an
additional 7,000 test samples. UNRealNet was trained to
predict 7m x 7m local maps at a resolution of 5cm, though
maps of arbitrary size can be predicted using this pipeline.
Our traversability features consisted of the following:

1) terrain: 1st percentile of heights in a cell.

2) elevation: 99th percentile of heights in a cell, after
removing points over a certain height.

3) step: difference between elevation and terrain.

4) local slope: slope in a foothold-sized radius.

5) local rough: height variance in a foothold-sized radius.

6) slope: slope in a robot footprint-sized radius.

7) rough: height variance in a robot footprint radius.

Slope, step and roughness were computed in the same way as
Fankhauser et al. [15]. In total, this resulted in a 7 x 140 x 140
tensor of labels per datapoint.

A. Network Performance

In order to evaluate UNRealNet we ask the following:

1) Does UNRealNet outperform standard baselines?

2) Does the probabilistic traversability function better
capture ground-truth traversability?

1) Does UNRealNet Outperform Standard Baselines?:
We first examine UNRealNet’s ability to produce traversabil-
ity features from simulated lidar scans. In order to quantify
this, we use the ground-truth map features for datapoints in
our test set. Our primary baseline is the mapping algorithm
used to generate features from the aggregated laser scans, but
given the simulated pointcloud used as input. This baseline
is chosen because it a perfectly observed pointcloud run
through this baseline would generate zero error. Thus it
serves as a good measure of how well each method can
mitigate the effect of partial sensing.

Since the baseline local mapping method does not produce
uncertainty estimates, we report RMSE between the mean of
the predicted distribution and the ground-truth features for
networks. We compare the following ablations:

1) (baseline): The local mapping method used to generate
ground-truth features, applied to the synthetic point-
cloud. Empty cells are filled with a value of zero.

2) (Telea): baseline, but leverages the inpainting method
proposed by Telea et al. [35] for unknown cells.

3) (NS): baseline, but leverages the inpainting method
based on Navier-Stokes proposed by Bertalmio et al.
[36] for unknown cells.

4) (oracle): Equivalent to baseline, except the placeholder
is determined by computing the RMSE-minimizing
value for each channel (using the ground-truth).

5) (no aug): An ablation with the omission of the point-
cloud augmentation pipeline. This ablation is provided
to quantify the importance of making the simulated
lidar reflect real sensing.

We then evaluate each method via the following metrics:

1) (both) avg. RMSE for cells with ground-truth values.

2) (observed) avg. RMSE for cells observed in the input
pointcloud. This captures each method’s ability to
correct for occlusion-induced mapping errors.

3) (inpaint) avg. RMSE for cells which are not observed
in the pointcloud, but have ground-truth values. This
captures the ability of each method to interpolate and
extrapolate known information to unknown areas.

Results for synthetic scans on a spatially held-out region
of each environment are reported in Table I. We also report
results for the sixth environment (env6, in red to denote that it
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Env Method RMSE (observed) RMSE (inpaint) RMSE (both)
envl net (ours) 0.1562 £ 0.0001 0.1987 + 0.0009 0.1849 + 0.0006
no aug 0.2117 £ 0.0101 0.2618 + 0.0121 0.2453 + 0.0113
oracle 0.2817 £ 0.0003 0.2736 £ 0.0003 0.2779 4 0.0003
telea 0.2817 4+ 0.0003 2.0402 £+ 0.0017 1.6424 4+ 0.0029
ns 0.2817 4+ 0.0003 0.3502 £+ 0.0003 0.3298 4+ 0.0003
baseline 0.2817 + 0.0003 0.4097 £+ 0.0007 0.3740 4+ 0.0005
env2 net (ours) 0.2718 + 0.0030 0.3608 + 0.0036 0.3284 + 0.0035
no aug 0.3313 £ 0.0141 0.4208 £ 0.0142 0.3877 + 0.0137
oracle 0.3731 £ 0.0016 0.4210 £ 0.0007 0.4080 % 0.0011
telea 0.3731 £ 0.0016 2.0930 £ 0.0154 1.6450 £ 0.0153
ns 0.3731 4+ 0.0016 0.4638 £+ 0.0015 0.4327 4+ 0.0017
baseline 0.3731 4+ 0.0016 0.4659 + 0.0007 0.4350 4+ 0.0012
env3 net (ours) 0.1705 + 0.0021 0.2370 + 0.0017 0.2172 £ 0.0017
no aug 0.2319 £ 0.0127 0.2902 £ 0.0114 0.2724 4+ 0.0111
oracle 0.2669 £ 0.0005 0.2937 £ 0.0004 0.2883 + 0.0004
telea 0.2669 £ 0.0005 2.3610 £ 0.0058 1.9318 + 0.0064
ns 0.2669 + 0.0005 0.3769 £ 0.0003 0.3474 4 0.0003
baseline 0.2669 + 0.0005 0.4370 £+ 0.0002 0.3940 4+ 0.0002
env4 net (ours) 0.1413 + 0.0008 0.2252 + 0.0014 0.2071 £ 0.0012
no aug 0.2033 4+ 0.0099 0.2845 + 0.0077 0.2663 £ 0.0078
oracle 0.2629 £ 0.0001 0.2739 £ 0.0003 0.2728 4 0.0002
telea 0.2629 £ 0.0001 2.8353 £ 0.0028 2.4492 + 0.0017
ns 0.2629 £ 0.0001 0.4132 £ 0.0005 0.3830 % 0.0005
baseline 0.2629 + 0.0001 0.4165 £ 0.0009 0.3868 4 0.0007
envs net (ours) 0.1748 + 0.0016 0.2792 + 0.0019 0.2483 + 0.0016
no aug 0.2313 + 0.0104 0.3260 £+ 0.0135 0.2969 4+ 0.0114
oracle 0.2439 4+ 0.0005 0.3345 £+ 0.0005 0.3084 + 0.0002
telea 0.2439 £ 0.0005 2.4452 £ 0.0238 1.9733 £ 0.0227
ns 0.2439 £ 0.0005 0.3635 £ 0.0008 0.3297 4 0.0008
baseline 0.2439 £ 0.0005 0.4263 £ 0.0005 0.3761 4 0.0008
envo net (ours) 0.1920 + 0.0012 0.2708 + 0.0016 0.2537 + 0.0015
no aug 0.2466 + 0.0087 0.3156 £+ 0.0086 0.3001 £+ 0.0079
oracle 0.2985 4+ 0.0004 0.2998 £+ 0.0003 0.3023 4+ 0.0003
telea 0.2985 4+ 0.0004 2.8835 + 0.0098 2.4849 + 0.0099
ns 0.2985 £ 0.0004 0.4364 £ 0.0005 0.4092 £ 0.0005
baseline 0.2985 £ 0.0004 0.4598 £ 0.0008 0.4260 £ 0.0008
envo, net (ours) 0.2200 + 0.0014 0.2666 + 0.0006 0.2567 + 0.0007
ouster no aug 0.2217 £ 0.0018 0.2744 £+ 0.0014 0.2628 + 0.0014
oracle 0.3229 4+ 0.0007 0.2941 £+ 0.0000 0.3046 4+ 0.0002
telea 0.3229 4+ 0.0007 2.4206 £+ 0.0213 2.1006 + 0.0209
ns 0.3229 4+ 0.0007 0.4322 £+ 0.0020 0.4118 + 0.0017
baseline 0.3229 £ 0.0007 0.4658 £ 0.0003 0.4374 + 0.0004

TABLE I: Results for local mapping accuracy (env6 colored

red to signify that it is a held-out location)

was not in the train set) to demonstrate UNRealNet’s ability
to generalize to novel environments. We also report results
from a robot traversal of env6 with the on-board lidar (env6,
ouster). To get proper correspondences with the ground-truth
map, we first align ground-truth cloud and the aggregated
pointcloud via ground-plane matching and ICP. Since there
is some drift in the SLAM solution, we further refine each
individual scan by performing another ICP step for each
individual scan. In total, this yields around 800 scans.

Standard deviations are reported over three seeds for net
and no aug. Note that the augmentation pipeline introduces
a small amount of variance in the baselines, which are oth-
erwise deterministic. Also note that the RMSE on observed
cells for all non-learned methods is nearly identical as they
copy the values of observed cells.

Overall, we observe that UNRealNet outperforms all base-
lines, for all metrics, on all evaluation datasets. Interestingly,
we observe that this performance gain is fairly similar for
both observed and unobserved cells. This is likely due to
factors such as occlusion and sparse sensing resulting in mis-
estimation of terrain features (e.g. only observing the top part
of an object and mistaking it for the ground). Furthermore,
we observe that both inpainting baselines perform quite
poorly, especially when compared to the oracular baseline.
This is likely due to the relative sparsity of the input
data (we only have returns for a relatively low fraction of
cells, compared to traditional CV datasets for inpainting).
Furthermore, data is sparser towards the edges of the map,
meaning that extrapolation, in addition to interpolation, is
necessary to achieve low RMSE. Finally, we observe that

Method |
Det. [16,18]
Prob. (ours)

MAE
0.3000 £ 0.0546
0.2326 + 0.0694

TABLE II: Probabilistic traversability experiment results.

Fig. 5: Traversability predictions using the same network out-
put on a sample in env6. (a) A crop from the FARO-scanned
environment. There is a pile of wires in the middle. (b)
The ground-truth elevation map. (c) The traversability map
generated from parameters for a Spot. (d) The traversability
map generated from parameters for an AlienGo. (e) A mosaic
of traversability maps by varying the local slope (y axis) and
robot slope (x axis) thresholds.

adding augmentations similar to the actual robot payload
improves overall performance.

2) Does the Probabilistic Traversability Function Better
Capture Ground-Truth?: In order to evaluate the efficacy
of the probabilistic traversability function, we compare the
accuracy to a ground-truth traversability derived from crops
of the global map. For each data point, a random set of
traversability threshods was generated. These traversabil-
ity thresholds were used to generate a traversability map
by checking if any ground-truth features exceeded their
corresponding threshold, per cell. We then evaluated the
proposed traversability function (Prob.) and the one used
by Chilian and Fankhauser [15,16] (Det.), on the predicted
traversability features from the network. We report the MAE
of the predicted traversability value to the ground truth map.
Results are presented in Table II for the test set, over a
random sampling of traversability thresholds.

Overall, we observe that the uncertainty-aware traversabil-
ity function is closer to the ground-truth traversability.
This is likely because incorporating uncertainty allows the
traversability estimation to be less sensitive to mispredictions
of features (due to assigning high uncertainty to said areas).

B. Hardware Experiments

We also ran a number of experiments on multiple legged
platforms to demonstrate the efficacy of our method in
practice. Our traversability pipeline was run on both a Boston
Dynamics Spot and Unitree Aliengo, each with a custom
payload similar to Bouman et al. [37].

1) Robot-Agnosticism: Presented in Figure 5 are multiple
traversability maps generated from the same UNRealNet
prediction from env 6. Our traversability function is able
to take into account robot-specific mobility limitations and
produce a corresponding cost. Of note is that UNRealNet
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Fig. 6: Case study for elevation prediction. (a) An FPV image of the scene. (b) The input pointcloud (red=low, purple=high)
(c) The learned, Kalman-filtered elevation map from UNRealNet (purple=low, red=high) has inpainted the floor behind the
wall, as well as the construction material and pillars. (d) Elevation map from STEP [24] is incomplete due to occlusions.

Fig. 7: Additional qualitative results from a seventh envi-
ronment. We are able to capture detailed traversability esti-
mates including small plugs (top), shallow negative obstacles
(middle) and complex geometry (bottom). Correspondences
between FPV and BEV are circled in blue. FPV viewpoints
were taken at different times than BEV to keep the object
of interest in the field of view.

is able to detect and evaluate traversability of a small pile
of wires, which becomes more costly the more stringent the
traversability thresholds become.

2) Kalman Filter: When deploying on the robot, we can
fuse multiple predictions together to get a higher-quality
map (at the cost of becoming reliant on accurate odometry).
This is accomplished by leveraging the uncertainty in the
neural network predictions (i, o, per feature, per cell) to
run a one-dimensional Kalman Filter (Equation 6, where
[1,6 are the running estimates of the Kalman filter) [38].
Traversability 7% can then be computed from the Kalman-
filtered estimates (fi,5). We observe that the Kalman filter
generally improves the estimation of terrain features.

A 92 ~9 ~92 9
. pno” + po . o°o
f=—ra) 0=\ (6)
o+ o o +0

3) Inference Speed: We first report the speed of our
method in comparison to STEP [24]. Both methods were
run with an AMD Ryzen 9 5900hx CPU and NVIDIA 3060
Laptop GPU. We observe that although slower, the runtime

of our method is comparable to STEP (around 7hz compared
to STEP’s 13hz, and 10hz rate of pointclouds from the lidar).
The majority of the runtime in our method is consumed by
preprocessing the pointcloud for the network, and converting
the network’s output into a grid map. We argue that much
of this runtime can be reduced by re-implementing our
Python inference node in C++, and leveraging tools such
as TensorRT [39]. Additionally, we note that 7hz inference
is fast enough for legged platforms with a top speed of under
2m/s, though this may not be sufficient for faster platforms.
4) Case Studies: One particular case study is presented
in Figure 6. We compare the learned elevation map to the
elevation map produced by STEP. We can observe that
UNRealNet has learned to extrapolate using environmental
priors, in that it successfully inpaints the crate, pillars, and
the floor in between. Additionally, it correctly predicts the
floor behind the wall. We also provide additional qualitative
results from a seventh environment (for which we didn’t
have a ground-truth pointcloud) in Figure 7 that highlight
additional nuances in our traversability estimation.

V. CONCLUSION AND FUTURE WORK

We presented a method for learning traversability informa-
tion by generating synthetic sensing from high-quality scans
of real-world environments. We demonstrate that this method
results in improved local mapping performance and demon-
strate its efficacy for traversability estimation on hardware.

Future work includes generating better training labels,
such as correspondences between observed terrain features
and proprioception [40—42] or demonstrations [43—45]. The
work done by Meng et al. [6] provides a good roadmap
for how to incorporate semantics into a similar mapping
pipeline. Additionally, datasets such as Matterport 3d [21]
and TartanAir [8] can be leveraged to obtain joint geometric
and semantic labels without any additional human labeling
(although fine-tuning on real data may be required). Lastly,
combining UNRealNet with object detection and tracking
algorithms woudl allow for increased performance in the
presence of dynamic obstacles.
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