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Abstract— Efficiently navigating off-road environments
presents a number of challenges arising from their unstructured
nature. In the absence of high-fidelity maps, occlusions from
obstacles and terrain lead to limited information available to
inform planning decisions. Furthermore, resolution and latency
limitations of real-world perception systems lead to potentially
of degraded perception performance when traversing such
environments at high speeds. We address these problems
by proposing an algorithm which plans trajectories while
anticipating future observations. In particular, we introduce
a model which learns to predict the evolution of future
riskmaps conditioned on the future path and speed profile of
the vehicle. The model is trained in a self-supervised fashion
using recordings of vehicle trajectories. We then present an
algorithm which leverages a way to efficiently query the
model along candidate paths and speed profiles to produce
time-optimal trajectories while maintaining a bound on the
future expected risk. We assess the predictive performance of
our risk model through a comparison with real vehicle driving
logs. Furthermore, our closed-loop simulations of several
benchmark scenarios demonstrate how the behavior of our
planner leads to qualitatively distinct trajectories, leading to
improvements in both success rate and speed by up to 60%.

I. INTRODUCTION

High-speed off-road driving in unknown environments
poses unique challenges to autonomous navigation. For ex-
ample, deserts and forests contain steep terrain and vegeta-
tion leading to many occlusions and unobserved hazards. In
absence of a high-fidelity map, it is therefore crucial for any
planning algorithm to reason about unobserved space.

Model-based risk-aware planning approaches tackle these
challenges by quantifying uncertainty and imposing bounds
on uncertainty along future trajectories, therefore actively
averting potentially high-risk regions [1], [2], [3], [4]. For
example, trajectories can be optimized while explicitly con-
sidering visibility and the inevitable collision sets resulting
from potential unobserved obstacles [5]. Approaches in this
category are able to provide safety guarantees, but may not
improve navigation performance over longer horizons.

To enable longer-term foresight, implicit planning archi-
tectures have been proposed in which optimization of task
performance leads to learning of latent world models with a
temporal component [6]. For example, latent world models
that perform future prediction can emerge to compensate
for missing observations [7]. Dreamer [8] provides another
example of learning a compressed latent world model. These
approaches have the advantage of learning world models
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Fig. 1: Clockwise from the top left: The Polaris RZR vehicle
used for data collection; two example environments showing
hilly and forested areas, respectively; visualization of the
risk-predictive planner in action, showing the selected tra-
jectory (magenta) alongside rejected candidate paths (green)
overlaid on an elevation-mapped occupancy map with un-
known regions due to terrain occlusions.

from data, but often require interaction with a simula-
tion environment during training. Some approaches, like
ViKiNG [9], can learn environment representations offline
from recorded data, but also perform planning and prediction
implicitly. Such planners and their latent world models may
not be readily interpretable, posing challenges for deploy-
ment and integration into larger systems.

Action-conditioned video prediction approaches attempt to
directly predict sensor inputs rather than relying on latent
world models. Many such approaches have been limited
to low-resolution inputs and environments with a readily
available simulator, such as Atari video games [10]. While
more recent approaches such as Pathdreamer [11] can predict
high-resolution video of real environments, and integrating
such a predictive component into a model-based planner may
turn out to be prohibitively slow. The occupancy anticipa-
tion approach presented in [12] predicts action-conditioned
future occupancy maps explicitly, but relies on reinforcement
learning to learn policies which leverage the predictions.
Furthermore, training these models requires availability of
high quality 3D simulations.

Attempting to combine desirable properties of these differ-
ent approaches while mitigating the drawbacks, we present
the following contributions. First, a novel formulation of the
problem of estimating the future evolution of the riskmap
given an arbitrary planned trajectory, in a manner which
captures dependence on traversal speed as well as on vis-
ibility. Second, an efficient model which allows querying
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individual points of interest of predicted future riskmaps,
and a self-supervised framework for offline training of the
model on readily available recordings of vehicle trajectories
and perceived riskmaps. Finally, a risk-predictive motion
planner which uses the trained risk model to co-optimize
a speed profile and path selection, computing a time-optimal
trajectory while enforcing bounds on future expected risk.
In summary, efficient prediction of future risk values which
are directly used by the planner enables real-time operation
of our planner in complex environments such as those
shown in Fig. 1, and the model-based nature of the main
planning algorithm facilitates integration and deployment in
the context of complex real-world systems.

II. PRELIMINARIES

Following the development in [13], we understand a risk
metric to be a function mapping an uncertain cost distribution
to a concrete risk value. We denote a function mapping some
location in the vehicle’s neighborhood to its risk value as
a riskmap. Furthermore, we refer to the current riskmap,
produced by the perception pipeline using the latest available
sensor measurements, as the perceived riskmap. This is to
distinguish it from future predicted riskmaps. Unlike the
perceived risk, we treat future risk as a random variable due
to its dependence on unknown future sensor inputs.

A. Choice of risk metric

Our algorithm will assume the availability of the perceived
riskmap. The chosen risk metric should capture measurement
uncertainty in the sense that regions with few or no observa-
tions shall be assigned some positive risk value. For instance,
an estimate of the conditional value-at-risk (CVaR) [13] or
a heuristic risk metric incorporating the number or density
of observations for each position may be used. Typically,
such a risk metric will assign very high risk to unobserved
parts of the map, causing it to be dependent on the vehicle’s
traversed trajectory. Clearly, obstacle and terrain occlusions
induce a dependence on the traversed path. However, we
note that under latency and update frequency limits of any
perception pipeline or sparsity of measurements provided by
sensors such as certain LIDARs, there is also a dependence
of the risk on the speed profile along the traversed trajectory.

In our case, we employ a heuristic risk metric which
assigns risk values in [0, 1] based on known occupancy (ob-
tained from a pointcloud produced by several LIDARs, and
including semantic information from camera images), while
additionally considering any regions with a low number of
LIDAR observations as lethal.

Since visibility is essential in capturing the behavior of
the riskmap, we additionally assume that an elevation map
is available. This elevation map may contain regions of
unknown elevation.

B. Notation and risk model

Trajectories are discretized at a set of N + 1 fixed
sample points located at arclengths s, with 0 < n < N,
where 0 = sg < s1 < --- < sy. Denote the arclengths,

times, positions, and orientations corresponding to these
sample points as

.
]}T’ (1)

)

s::[so-~-sN]T, t:= [t0-~-tN
T
Piz[pO"'PN] ) 05:[00"'0N

respectively, and write Xy, = [Ty ‘;z:mf to denote
slicing of a sequence x. Denote the discretized trajectory by
the tuple 7 := (s,t,p,0) and let the notation 7., denote
slicing of each of the trajectory tuple’s elements.

Let R : R2 — R denote the perceived riskmap, so
that R(q) is the risk value at a particular position ¢ € R2.
Similarly, let M : R? — R denote a map containing terrain
elevation data as obtained from the perception pipeline.

We model future risk as a random variable with depen-
dence on the perceived risk map, the elevation map, and the
vehicle’s trajectory. Letting R, denote the future riskmap
which will be perceived after traversing an arclength of s,
along the trajectory 7, we aim to estimate the predictive risk

hn = E[Rn | M; RO776:n] . (2)

We will denote our approximation of hy, introduced in
Section III-A, by h,,.

III. ALGORITHM

We propose an algorithm to find a time-optimal trajectory
while imposing a bound on the predictive risk along it. The
full algorithm operates on a set of candidate paths, producing
an optimal path selection as well as the corresponding
speed profile, but we first consider the speed adaptation
problem without path selection. The solution to this problem
is a trajectory 7 which minimizes traversal time along a
predefined path (s, p, 0) while keeping the predictive risk hun
along the trajectory below a specified threshold:

argmin ty
t

}Ali % < }max 3
ze{%}a),(N} (p ) =0 ( )

f(T) >0.

Here, hn.x is a user-defined risk threshold, and additional
constraints such as limits on speed or acceleration have been
encapsulated into the constraint on (7).

subject to

A. Riskmap prediction

In solving (3), it is crucial to introduce a predictive
riskmap model which is efficient to sample. To this end, we
impose the following pointwise recursive structure on our
approximation of the predictive risk:

h(q) = g(hn_1(q), M, Ro, Tr—1m,q), with hg = Ro. (4)

Here, g is a function which pointwise describes the evolution
of the expected riskmap after traversal of a single segment of
the discretized trajectory 7, _1.,, so that prediction of future
riskmaps at various timesteps can be obtained through re-
cursive application. Note that global or local context around
the point ¢ may be provided to g by the means of the full
perceived riskmap Ry and the full elevation map M, but
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(a) Egocentric polar coordinates
used as part of the input query
to the GP model.

Fig. 2: Gaussian process risk prediction model inputs.

(b) Encoding of square patches
of initial riskmap and precom-
puted visibility information.

full riskmaps (as opposed to the individual samples iLn(q))
deliberately do not participate in the recursion to facilitate
efficient evaluation of the predictive risk.

1) Riskmap evolution model: We use Gaussian pro-
cess (GP) regression [14] to model samples of the future
riskmap h,(¢) at a particular position ¢:

(@) = B [§(hn1(0), U (Bo, M, 0), ATo, )] . (5)

Here, g denotes the predictive distribution of a GP with a
scaled squared exponential kernel. The query position g is
expressed in egocentric polar coordinates § = (7, ¢, ) with
respect to the vehicle’s future pose (py, 0,,) as illustrated in
Fig. 2a. The trajectory step 7,_1., iS expressed as an ar-
clength step size and an average velocity AT, = (Asy, vp),
where As, = s, — sp—1 and v, = As,/(tn — tn_1).
The initial riskmap Ry and visibility information computed
using the initial elevation map M are encoded into a low-
dimensional feature vector with the function ¥,,.

2) Geometric context encoding: As discussed in Sec-
tion II-A, visibility has a strong influence on the riskmap,
so we assume the availability of a terrain elevation map
M. Using the vehicle pose (pn,0,) and the elevation map
we compute a two-layer explicit visibility map via ray-
casting, containing (i) a binary visibility mask describing
which regions of the map are certainly visible, and (ii) an
upper-bound-slope map, containing the slope of the steepest
visibility ray which is not blocked by terrain occlusion.
This latter layer is helpful in quantifying potential visibility
improvements in unobserved areas of the map. See Fig. 3
for an illustration of the upper-bound-slope computation.

As shown in Fig. 2b, a patch centered around q is extracted
from this two-layer visibility map, and fed into an encoder
model. Since (5) discards all but a single point of the input
riskmap, we encode a patch of the initial riskmap Ry for
added context. Each encoder is composed of two three-
layer multi layer perceptrons outputting a low-dimensional
encoding. The concatenation of the two encodings is fed into
the GP. In summary, we define ¥,, and ¥ as follows:

\I/(Pl, PQ) = COHCQ.t(MLPl (Pl), MLPQ(PQ)) (6)
\I}n(RO7M7Q) = \I’(W(RmQ)ﬂf(ﬂ(M,Pn,On%(J))» @)

where 7(-,¢q) denotes the patch extraction centered at g,
and 3(-, pn, 0,) performs computation of the visibility maps
using the vehicle pose (p,,0,) as described in Fig. 3.

sensor

5
FOV limits \

terrain
upper-boL nd elevation

(missing)

visibility

Fig. 3: Visibility raycasting along a particular azimuth angle.
Only parts of the terrain which are directly visible are marked
as such. Upper-bound-slope is calculated as the slope of the
upper-bound-elevation shown in blue.

3) Implementation and model training: We train the
model in a self-supervised fashion on a dataset containing
recordings of the vehicle’s traversed trajectory alongside the
perceived riskmap and terrain elevation map. Denote such
a dataset, containing K risk and elevation maps and the
corresponding trajectory, as D:

D = {(Tx, My, Ri.) }keqr...x}- ®)

Here, 7; is the trajectory sample corresponding to Mj
and Ry, which denote the perceived elevation and riskmaps,
respectively.

To generate a training example, a frame index k €
{1...k — N} is sampled uniformly at random. We then
sample a point ¢ lying within a distance r, of the trajectory
segment T+ v, and build the vector of reference risk values

H = [Rit1(q) - Rien(a)] - )

Thus, H contains the evolution of a particular point in the
riskmap as the vehicle traverses the trajectory segment. The
full training example is then given by D = (X, H), where

X = (TreksN, My, Ry). (10)

It is important to train the model with more than one pre-
diction step (i.e. N > 1) to ensure stability when recursively
applying many prediction steps at test time. Since the training
dataset usually lacks examples of the vehicle traversing high-
risk areas, we further note that the radius r, not be too small.
In particular, it must be large enough to allow the sampling
of high-risk areas of the map.

To make training on large datasets tractable and to enable
minibatch training, we implement § as a stochastic varia-
tional GP [15], [16]. During training, the combined GP and
encoders model (5) is applied recursively to a minibatch of
inputs. We wish to minimize the Kullback-Leibler divergence
between the posterior distribution predicted by our model
and the corresponding distribution of ground truth data from
the training examples. As a proxy for minimizing the KL
divergence in the variational GP setting, we maximize the
evidence-lower bound (ELBO) [17]. Concretely, the ELBO
of the true risk values from H is computed for each ap-
plication of §g. The sum of the ELBO values is maximized
using the Adam optimizer [18]. Parameters of the variational
GP and two encoder models are updated jointly within the
optimization. Fig. 4 illustrates how the model’s recursion is
rolled out at training and test time, and provides an overview
of the inputs, outputs, the optimization objective used during
training, as well as the various input preprocessing steps.
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Fig. 4: Schematic depiction of risk prediction model, illus-
trating how the input trajectory 7, elevation map M and
riskmap Ry are preprocessed and fed to the GP model ¢
in order to produce estimates of the future expected risk,
izl, ce h N at a particular point ¢ (not shown). Also shown
is the computation of the evidence lower bound (ELBO) of
the ground truth risk values Ry, ..., Ry, which occurs for
each prediction step and whose sum is maximized in order
train both the encoders ¥ and the GP model g.
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Fig. 5: Speed adaptation with predictive risk constraint (3)
solved via tree search. The solution is shown in blue. We
implement A* search guided by a heuristic (the remaining
time to reach the end of the path assuming maximum
acceleration and speed), so expansion of all states shown
here does not occur. Note also that this figure shows only a
single dot at each (s, v) point, but in fact there are multiple
distinct predictive risk values corresponding to every possible
path leading to that point.

B. Speed profile search

The speed adaption (3) is solved via an A*-based [19]
search operating on a discretized set of velocities (see Fig. 5).
The search is initialized with the current vehicle speed
as its root state, and proceeds by expanding child speeds
corresponding to the next arclength discretization point along
the input path. We consider constraints f(7) > 0 which
impose maximum speed and acceleration limits. They are
enforced by skipping the expansion of infeasible child states.

Enforcement of the predictive risk constraint involves a
query to the model g, which computes h(p;) based on
the candidate speed profile. Observe that, except for the
speed v,,, all inputs to the risk prediction model are speed-
independent, including visibility raytracing, patch extraction,

and MLP encoding. Thus, these inputs are precomputed
once before starting the search. Furthermore, when expand-
ing child states and evaluating ilm the recursive nature
of the model g is exploited by caching the parent state’s
query 1. Finally, we leverage favorable performance
scaling of GPU-accelerated inference to large batches of
inputs by performing thousands of individual queries to
the model § at once, in a single batch. Therefore, unlike
standard A*, our algorithm expands large portions of the
search frontier simultaneously.

C. Candidate path generation and selection

We extend the proposed speed adaptation algorithm to the
complete path candidate selection and speed optimization
problem. This is achieved by first sampling several candidate
paths, and then applying a modified version of the speed
adaptation algorithm to the full set of candidates.

1) Candidate path generation: In order to navigate to-
wards a long-horizon goal which may be located well beyond
the planning horizon of the risk predictive planner, we require
a long-horizon planner which is able to produce heuristic
cost-to-go values. We implement this long-horizon planner
as a coarse Dijkstra search producing a map of estimated
time to reach the goal for each pose. This planner is not risk
aware and operates instead on the available occupancy map
and desired waypoint locations.

To obtain kinematically feasible candidate paths, we addi-
tionally require a short-horizon (< 50 m) planner producing
feasible paths between arbitrary poses. It uses a costmap
which considers known occupancy and terrain, and is there-
fore “optimistic” in the sense it treats unknown space as
traversable. Standard techniques for kinodynamic planning
can be applied to implement such a planner. In our case, a
tree search over a state lattice is performed.

To generate candidate paths, the long-horizon planner is
first used to choose an intermediate goal region located
within the short-horizon planner’s horizon. The short-horizon
planner then produces a path Ps from the start pose to the
intermediate goal. Finally, we generate additional candidate
paths by considering a semicircle around the current pose,
with the center of the semicircle chosen to coincide with the
final position of Pp¢. The bottom left panel in Fig. 1 shows
example candidate paths generated in this manner.

2) Joint candidate selection and speed optimization:
Let C := {(PW,c1),...,(PY) cx)} denote the set of
candidate paths P(*) and associated costs c;. These costs
correspond to the heuristic cost-to-go produced by the long-
horizon planner for the final pose of each candidate path.
The solution to the joint path selection and speed adaptation
problem is given by

(k)

argmin ¢ +ty
E,t (k)
subject to max  hi(p™) < hoax Yk (11)
1€{0,...,N}
FT®) >0 Vk.
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The batch-A* algorithm from Section III-B can easily be
adapted to also solve the path selection problem. By initializ-
ing the search with K roots corresponding to each candidate
path, speed profile are expanded along each candidate path
in a single search. Compared to running an individual speed
profile search for each candidate, using the same search
queue for all candidates results in computational savings,
since the heuristic prevents the computation of full speed
profiles for every candidate.

IV. EXPERIMENTS

The proposed algorithm is evaluated in a simulation
environment that takes into account the dynamics of the
Polaris PZR vehicle on different types of terrain, including
scenarios with changes in elevation leading to potential
terrain occlusions and significant roll and pitch of the vehicle.
Raycasting according to realistic sensor specifications is
used to accurately model LIDAR measurements. To better
understand the predictive performance of our risk model,
we first evaluate dense predictive riskmaps against ground
truth derived from real-world driving logs. Then, we evaluate
the complete speed adaptation and path selection pipeline in
six environments with diverse terrain and obstacle configu-
rations. A video presentation of the experimental results can
be found at https://youtu.be/JhliXktZjAg.

The training data for the risk-prediction model consists of
more than 50,000 frames of simulated vehicle driving data,
covering approximately 20km at multiple driving speeds
over varied terrain. Input risk and elevation maps have a
resolution of 2m~! and encompass a square area of 200 m x
200m around the vehicle’s position. The patches extracted
from the initial riskmap and the precomputed elevation
information have a size of 16.5m x 16.5m, and the MLPs
both contain two hidden layers with 256 and 512 layers,
each producing a 6-dimensional encoding. Trajectories are
discretized with an arclength step size of As ~ 2m. The GP
and encoder models are implemented in PyTorch [20] using
the GPyTorch library [21]. The path selection procedure
s =23.8m s =448 m s = 66.3 m

s=0m
‘ E

;

prediction

ground truth

ap = 97%, ay, = 88%,

ay, = 81%,
a; = 81% a; = 78% a; = 80%

(a)

is performed with 16 candidate trajectories, where each
candidate is planned with a 30 m horizon. The risk threshold
is set to Amax = 0.15. The complete path selection and speed
adaptation pipeline executes at 2Hz on an NVIDIA RTX
A5000, utilizing approximately 2 GiB of GPU memory.

A. Evaluation of predictive riskmaps

While our planning algorithm relies on prediction of single
points, it is illustrative to visualize densely sampled parts of
the riskmap. For this experiment, we extract a ground-truth
trajectory alongside the perceived risk and elevation maps
from a recording from a real-world, human-driven trajectory
of the Polariz RZR vehicle. Note that the riskmap prediction
model is trained only on simulated driving logs, so this
experiment additionally provides an example of good sim-
to-real transfer performance. Fig. 6 presents examples of
such ground-truth riskmaps alongside corresponding dense
predictions. We highlight that the model is able to produce
predictions which capture the future evolution of the riskmap
when compared to the ground-truth even over long prediction
horizons of more than 50m. Such long horizon lengths
require application of over 20 recursive prediction steps g,
which is significantly more than the number of steps N used
during training. Yet, we find that the recursive prediction
process remains stable and accurate, as further evidenced
by the accuracy metrics a; and a; remaining near or above
80% (see Fig. 6). Here, the accuracy metric aj is defined
as the ratio of pixels corresponding to high-risk areas of
the riskmap which were correctly predicted as being high-
risk, considering the square 80m x 80m patch of pixels
centered around the current vehicle position. The metric a;
is defined analogously, but considers low-risk areas of the
riskmap. The threshold between high and low risk is set
to Amax. Additionally, the metrics ap and a; are computed
along randomly sampled rollouts along the trajectories from
our simulation dataset. At a prediction horizon of 40 m, we
achieve mean accuracies of a = 91% / a; = 87% on the
test set, and ap = 92% / a; = 87% on the training set.

s=16.1m s =29.7m s =42.7m

Wy = " .
< A :

) i) .
& -

prediction

ground truth

ap = 98%, ap = 92%, ap = 83%,
a; = 91% a; = 87% a; = 88%
(b)

Fig. 6: Dense future riskmap predictions, showing the expected future risk (top) along a given trajectory (orange) for every
pixel in the image, alongside ground truth (bottom). Purple is zero risk, while yellow is maximum risk. The model only
sees the perceived risk and elevation maps at s = 0 m (first column), and is rolled out recursively to produce long-horizon
predictions. The dataset used for these examples contains human-driven trajectories in a hilly desert environment, as recorded
the Polaris RZR vehicle. The riskmap prediction model is trained on a dataset consisting purely of simulation clips.
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Fig. 7: Results from closed-loop simulation experiments of the riskmap prediction based planner (zest) alongside those of
the same planning stack without the riskmap prediction based speed adaptation and path selection (baseline). Aggregated

results are shown in tables 7a and 7b. The completion rate in 7a is computed as 1 — i‘?—“ﬁ:‘,

where dgny and dj, are the

Euclidean distances of the vehicle to the goal region at the end and at the beginning of the simulation, respectively.

B. Closed-loop simulation results

We compare the closed-loop performance of our planner
against a baseline planner which is identical to the proposed
planning stack as introduced in Section III-C, but does not
impose any constraints on the predictive risk. Without the
predictive-risk-based speed adaptation, the path selection
step causes this baseline planner to always follow the short-
horizon planner’s reference Prf, as the a priori cost of all
alternate candidate paths (i.e. without considering predictive
risk constraints) is higher. However, the baseline planner is
subject to the same speed and acceleration constraints f
as introduced in (3). A summary of our evaluation can be
found in Fig. 7, which showcases scenarios with significant
or potentially unexpected changes in occlusion and elevation.
We highlight that in many cases a significant improvement
in success rate, as well as an increase in speed, can be
observed. This is due to qualitatively different behavior
as compared to the baseline planner. Across the evaluated
scenarios, the proposed planning algorithm demonstrates up
to 57% higher completion rate and up to 63% higher average
speed compared to the baseline method.

We focus now on a few types of behavior visible in
the simulation results from Fig. 7c—7h. For example, in the
scenario from Fig. 7d, a wash is flanked by higher elevation
terrain on both sides. This terrain obstructs view of steep,
untraversable slopes on the banks of the wash. As a result,
the baseline planner approaches the steep sides until it is
too late to recover without backing up in 5 out of 6 runs.
However, the risk-predictive planner achieves higher success
rate by initiating an early turn instead of waiting to observe
the untraversable slope. In Fig. 7e, our planner achieves
significantly higher speeds and completion rate as well as
lower total traversal time than the baseline by bypassing
the obstacle fields instead of traversing a narrow gap which
requires slowdown and could cause the vehicle to become

stuck. Fig. 7g shows a scenario where our planner does
not achieve improved success rates and only slightly higher
speeds, but exhibits qualitatively safer behavior in several
runs by remaining on a ridge rather than descending into
lower elevation terrain with more reduced visibility.

V. CONCLUSIONS

Our risk-predictive planner combines a novel future
riskmap prediction approach which is efficient to query at
individual points with a simple tree-search based search
algorithm that bounds the predictive risk along the output
trajectory. A self-supervised training procedure enables the
predictive risk model to learn the evolution of future risk
at particular points of interest taking into account complex
behavior of the perception pipeline and its behavior at
different speeds and under changing visibility. This approach
results in a planner that can leverage anticipation learned
from data for better decision making in complex unstructured
environments. Directions for future work could include the
implementation of more sophisticated planners that do not
rely on predefined candidate paths to incorporate a predictive
risk constraint, or exploring the use of predictive variances
provided by the GP models [22] to compute confidence
bounds on the predictive risk. The inclusion of additional
temporal context, such as perceived risk at both the current
and several past frames, may also be an avenue for further
improvements to the predictive performance of our model.
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