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Abstract— Learning-based trajectory planners in robotics
have attracted growing interest given their ability to plan
for complex tasks. These planners are typically trained in
simulation under nominal conditions before being implemented
on real robots. However, in real settings, the presence of motion
and sensing uncertainties causes the robot to deviate from
planned reference trajectories potentially leading to unsafe
outcomes such as collisions. In this paper we present a reacha-
bility analysis to predict such deviations and to evaluate robot
safety along reference trajectories. We then use the reachability
analysis to safeguard a learning-based planner. Finally, we
demonstrate the applicability of our safeguarding algorithm
for learning-based planners via multiple simulations and real
robot experiments.

I. INTRODUCTION

There has been growing interest in applying learning-
based planners for challenging ground and aerial robotic
applications, given their ability to learn complex relation-
ships between the robot and its environment [1]-[7]. These
planners commonly use neural networks which require a
large number of training samples, and hence are typically
trained in simulation before being implemented on a real
robot. A key research question is how to ensure safety
while implementing these learning-based planners on a real
robot, where safety refers to avoiding a set of unsafe states
(positions, velocities, orientations, etc.), such as obstacles for
collision avoidance.

For real robots, planning safe trajectories is challenging
due to the presence of motion and sensing uncertainties.
Here, motion uncertainties refer to errors between the actual
and the expected robot motion arising due to unmodeled
effects such as wheel slips or wind disturbances. Sensing
uncertainties refer to errors in sensor measurements such as
in landmark (or feature) detection and tracking for visual
sensors (camera, LiDAR) and signal reflections for Global
Positioning System (GPS). These uncertainties cause the
robot to have errors in its state estimate, and consequently
cause it to deviate from a planned reference trajectory.
Thus, it is important to account for these uncertainties while
implementing learning-based planners on a real robot.

Recent works [8]-[13] have explored methods to safeguard
learning-based planners. However, these works either do not
explicitly account for uncertainties [8], [9] or focus solely
on motion uncertainties and do not account for sensing
uncertainties and state estimation [10]-[13]. One approach to
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Fig. 1: Presence of motion uncertainties (such as wheel slips)
and sensing uncertainties (such as visual landmark detection
errors and GPS signal reflections) cause a robot to deviate
from reference trajectories. In order to safeguard a learning-
based planner against these uncertainties, we present a reach-
ability analysis to evaluate safety of reference trajectories,
and attempt to find alternate safe trajectories nearby.

evaluating safety under uncertainties is to predict deviations
from reference trajectories. In our previous work [14] we
present a reachability analysis where the reachable sets
capture possible deviations from a reference trajectory while
accounting for both motion and sensing uncertainties along
with state estimation. However, the reachable set at any time
instant is computed non-recursively as a function of all past
uncertainties along the reference trajectory [14, Eqn. (31)],
resulting in a higher computational load as the trajectory
length grows. Thus, the reachability analysis in [14] is not
suitable for safeguarding planners on real robots which have
real-time computational constraints.

In this paper we present a recursive reachability analysis
and use it to safeguard a learning-based planner under motion
and sensing uncertainties. Our main contributions are:

1) We first derive a reachability analysis to capture
possible robot deviations from a reference trajectory
while accounting for motion and sensing uncertainties
along with state estimation. As opposed to [14], the
reachable sets are recursively computed as a function
of quantities only from the current and previous time
indices.

2) Next, we integrate the above reachability analysis
with a safeguarding algorithm to ensure safety while
implementing learning-based planners.

3) Finally, we perform multiple simulations and real
robot experiments to validate the performance of the
safeguarding algorithm.
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II. RELATED WORK

Reachability analysis is a commonly used tool to predict
robot deviations from reference trajectories. In [15]-[18], the
authors present methods to compute reachable sets offline
that are used to evaluate safety during execution. However,
these methods focus on robot deviations due to differences
between a deterministic high-fidelity motion model and a
low-fidelity planning model and do not explicitly account for
sensing uncertainties. Similarly, the work in [19] computes
reachable sets while accounting for motion uncertainties,
but does not account for sensing uncertainties. The authors
in [20], [21] build on [19] to include sensing uncertainties.
However, these works do not explicitly model a state es-
timation process, and thus do not model the effect of the
motion and sensing uncertainties on the state estimation
errors. [22] and [23] present methods to evaluate safety of
actions using control barrier functions and contraction theory
respectively. However, these methods focus only on a single
camera sensor and require at least a subset of the state to be
invertible from the sensed measurement, which is not always
feasible (e.g., time instants with a single ranging measure-
ment). Additionally, these methods [22], [23] consider the
worst-case (bounded) motion and sensing errors which leads
to conservativeness. In contrast, our framework allows for
modeling of stochastic errors. In our previous work [14] we
present a reachability analysis that accounts for both motion
and sensing uncertainties, along with the commonly used
Extended Kalman Filter (EKF) [24] for state estimation.
However, as discussed in Sec. I, the reachability analysis
in [14] is not recursive, making it unsuitable for real robots
which typically have real-time constraints.

The concept of safeguarding planners has been explored
in literature: evaluate safety of a reference trajectory sug-
gested by the planner, and if it is unsafe, apply a fail-safe
maneuver [25]. Given the growing interest in learning-based
planners, recent works [8]-[13] have applied safeguarding in
this domain. In [8] and [9], the authors safeguard learning-
based planners using reachability analysis based on [15]
and [18] respectively. However, as mentioned above, these
methods do not account for sensing uncertainties. In [10]—
[13], the authors present methods to safeguard a learning-
based planner by ensuring that a safe backup trajectory
always exists. This is done by checking for a backup tra-
jectory using a model-predictive-control based optimization
method [10], [11], or by verifying safety of backup trajec-
tories using a sampling-based method [12], [13]. However,
these works do not explicitly account for robot sensing uncer-
tainties and state estimation, and focus solely on the motion
uncertainties. [26] evaluates the safety of a neural network-
based planner by predicting deviations from reference trajec-
tories. However, their method requires the network to have a
feedforward architecture with specifically ReLU activations,
and additionally does not plan alternate trajectories if the
network trajectory is unsafe. In contrast to these works, our
safeguarding method accounts for deviations due to motion
and sensing uncertainties, and does not require the learning-
based planner to have any specific network architecture.

III. PROBLEM FORMULATION
A. Robot Setup

We assume that the robot’s motion and sensing models are
defined as follows:

Xp1 = f(Xk, Ug) + Wiy, )]
2 = h(xXi) + Vi, 2

where x;, is the state vector, uy is the control input vector,
7y is the measurement vector, and f and h are nonlinear
functions representing the motion and sensing respectively.
Note that here z; can be obtained from any sensor such
as a localization measurement from visual sensors [27],
[28] or ranging measurement from GPS satellites [29].
w;. 1S the motion model error vector modeled as a zero-
mean Gaussian distribution w, ~ N(0,Qy), and vy is
the sensing model error vector containing two components,
i.e., vi = by + €, where €, is modeled as a zero-mean
Gaussian distribution €, ~ N(0, R;) and by, is a bounded
additional bias by, € [—Ek,gk]. Examples of by in sensor
measurements include: biases in landmark-based positioning
due to landmark detection or misassociation errors [30],
biases in GPS measurements due to signal reflections [29],
and biases in inertial measurement units (IMU) [31].

The onboard planning and control architecture for the
robot is shown in Fig. 2. For tracking the reference trajectory,
we assume that the robot implements a state feedback control
law [32] along with an EKF, which is commonly used for
state estimation. The state feedback controller computes the
control input uy as u; = uy — K}, (Xx — X1 ), where X, and
Uy are the reference state and control inputs respectively,
K, is the linear feedback gain which can be obtained from
existing control design methods such as linear-quadratic
regulator (LQR) [32], and X;, is the state estimate. Here Xj,
and 1y, adhere to the motion model as X;+1 = f(Xg, Ug).

The EKF used for state estimation comprises of a predic-
tion step and a correction step computed as:

Xp = f (Xp—1,up-1),

Py = Ap_1Py1 Ay + Qp,

L = POl (ChPL.CY + Ry) ™Y, 3
Xy = X + Li(zp — h(Xp)),

Pk = Pk - Lkaka

where X, is the predicted state, Py and Py are the predicted
and the corrected state estimation covariances, Lj is the
Kalman gain, and A = %‘x:ik and C = %‘x
u=uy
For the measurement covariance matrix Ry in Eqn. (3),
we choose an over-bounding scaled approximation [33]-
[35] with the i" diagonal element computed as RL“] =
|
by
confidence level for over-bounding [14]. Note that while we
assume a state feedback controller along with an EKF, the
reachability analysis presented later in Section IV can be
potentially extended to other control and state estimation
architectures by using the corresponding equations.

=%

2
+m REJ’”) / m] , where m denotes a desired mo
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Fig. 2: Our algorithm takes as input a distribution of reference trajectories from a learning-based planner along with the
motion and sensing models, uncertainties and feedback gain matrices used by the trajectory tracker. The output is a single
reference trajectory that ensures safety while accounting for deviations in the trajectory tracking.

B. Safeguarding a Learning-based Planner

Given the above robot motion and sensing uncertainties
along with the onboard architecture in Fig. 2, the objective
of our algorithm is to ensure safety while implementing a
learning-based planner. For our problem, we assume that
such a planner has already been trained and is available
for implementation. Thus, the inputs to our algorithm are:
a learning-based planner that outputs a distribution 7 over
reference trajectories (X, 11); the initial reference state X,
state estimate X, and estimation covariance Fy; the motion
and sensing models f and h, uncertainties Q, R and by,
and the feedback gain K used by the trajectory tracker
(Fig. 2); and the set of unsafe states X,g"safe to avoid. The
desired output from our algorithm is a single reference
trajectory (X, u) for the robot to track, such that safety with
respect to XM is ensured.

IV. REACHABILITY ANALYSIS

In this section we recursively compute reachable sets for
a robot along a single reference trajectory. Given a candidate
reference trajectory (X, W), .k, between two time indices k;
and ko, the objective of the computed sets is to predict
deviations in the state xi V k € [kq, k2.

In order to capture these deviations, we use the proba-
bilistic zonotope [19] set representation which contains two
components—a bounded component modeled by a zono-
tope [36] and a stochastic component modeled by a Gaussian
distribution—thus making it suitable to model the uncertain-
ties described in Sec. III-A. A zonotope Z is defined as
follows [19]:

Z={xeR!|x=c+GB, |Bll= <1},

“4)

where d is the zonotope dimension, c is the zonotope center
and G is the zonotope generator matrix. We represent a prob-
abilistic zonotope concisely as P = Z(c, G, X), where X is
the Gaussian covariance of the stochastic component. We use
the Minkowski sum (&) and linear transform operations [19]
to propagate these sets (similar to how states are propagated)
through the closed loop dynamics model, in order to capture
possible deviations from the reference trajectory.

We begin computing the reachable sets by linearizing
Eqn. (1) about the reference trajectory (Xj,uy) and sub-
stituting the control input uy, from Sec. III-A:

Xk+1 = Ak (Xk — Xk) — BkKk (Xk — ik)

. ¥ (5)
+ f (Rg, ) + 1 + Wiy,

where Ay, is defined above in Eqn. (3), By = of - and 1£

ou | x=x%x

. . . . . u=ug .
is the corresponding linearization error. Next on substituting
Eqn. (2) into the correction step of Eqn. (3), we get:

Xpy1= X1+ Leg1 ((Xpy1) =R (Xpq1))+Lpy1 Vi1 (6)

Here the sensing models can be linearized about the reference
trajectory as:

h(xi) = h(xk) + Cr(xx — Xi) + IZ,
h(xy) = h(xy) + Cr(xp — %z) + 17,

)
(®)

where 1! and lz are linearization errors. Thus, substituting
Eqn. (7) in Eqn. (6), we get:

Kit1 = Xit1 + L1 Crg1 (i1 — Xiog1)

7 9
+ Lk+1 <IZ - 12) + Lk+1vk+1.

Here the predicted state X can be linearized about the
reference trajectory as:

Rpo1 = Ag (kg —Xp) + Br (g, — i) + f(Xp, w) + 1, (10)

where 1{ is the linearization error. Thus, substituting
Eqns. (5) and (10) in Eqn. (9), we get:

Xipt1 = (A — BiKy) (X — %) + f (X, 0x) + 1£

+ Li+1Crta (Ak (xx —Xi) + 1£ - 1£ (11)

+ ch+1) + Ly (12 - 12) + Lg+1Vit1-

Combining Eqns. (5) and (11) along with motion model from
Sec. III-A, the state xj and state estimate X can be jointly
written as:

Xk+1 Xit1 X — X I
~ = o @ - ~ - "
[XHJ |:Xk+1:| L [Xk _Xk] * |:Lk+1ck+1} W1

0 Iy
1
+ |:Lk+1:| Vi1 F |:Lk+1ck+1:| k

0 FTo01w [ 0 1s
1 1 1
+ [I— Lk+1Ck+1:| B [Lk+1:| BT [_Lk+1:| ke

Ag —Bp Ky
Lyy1Cri1Ar Ax—BrKi—Li11Cri1Ag |2 and [

and O represent identity and zero matrices of appropriate
sizes. The above equation governs the growth of a single
state xj and state estimate Xj given values for the motion
error, the sensing error and the linearization errors. However,
during execution the exact error values are not known. Thus,
we replace these error values by the sets to which they
belong, and hence compute the set of states X} and state

where ¢, =
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estimates /'?k as:
X1 Xk+1 X — Xp, I
X = |7 o, |F 7 W
[Xk+1] L(kJrl @ ®n Xy — Xy, @ Li1Cryr|
0 T ;
Vv L 13
© |:Lk+1:| k1@ |:Lk+1ck+1:| k (13)

) i TO0Twm. [ O 1
L L L
© [I - Lk+10k-+1:| B [Lk+1:| O |:—Lk+1:| ko

where @ is the Minkowski sum operation [19], Wy and
V), are sets representing the motion and sensing uncertain-
ties respectively, and L represent the corresponding sets
of linearization errors. Given the robot setup in Sec. III-
A, Wy and V}, can be written as probabilistic zonotopes
Wr = 2(0,0,Qy) and V, = Z(0,diag(by,), Ry,). For the
sets of linearization errors £, we approximate them as zero-
mean Gaussian distributions as done in [37, Sec.V.C]. In
Eqn. (13) note that X} is only a function of quantities from
time indices k + 1 and k, as opposed to quantities from all
time indices k € [0, k + 1] [14, Eqn. (31)]. Thus, initializing
the sets as Xy = Z(%0,0,Py) and X, = Z(%0,0,0),
and using Eqn. (13) allows us to recursively compute X}
YV k € [ki,ks], capturing possible deviations in the robot
state x, from the reference trajectory (X, )k, k,-

V. SAFEGUARDING A LEARNING-BASED PLANNER

This section describes our algorithm for safeguarding a
learning-based planner. Alg. 1 lists the steps for the algorithm
and Fig. 3 provides an illustration. Here we discuss the
implementation for a general segment-wise planner (plan tra-
jectory in segments; execute current segment while planning
the next one), which can be extended to an offline planner
(plan entire trajectory before execution) or an instantaneous
planner (plan for only the next time instant) if desired. Note
that the reachable sets (computed using Eqn. (13) are not a
function of the segment time-horizon.

In general for planning the n'" trajectory segment, we
first obtain a distribution of reference trajectories 7, from
the learning-based planner. We then extract the maximum
likelihood reference trajectory (X%, 1'1)2;: e » where k7 and kJ
are time indices for the start and end of the n' segment
trajectory (k5 = k&_;). Next, the max. likelihood trajectory

is appended by a fail-safe maneuver to obtain (5(,11)25. 0

(i.e. 79 in Alg. 1), where k/° is the time index for the end of
the maneuver. Here we assume that a fail-safe maneuver such
as braking to a stop for ground robots or hovering for aerial
robots exists. We then use our reachability analysis from
Sec. IV to evaluate robot safety along the reference trajectory,
Pl = ISREACHSAFE(()E,ﬁ);szk£7i). Here we obtain ¢!, as:

5 {True (Xme Nl =0 v k € [kg : k7]

, (14)

" False otherwise

where ¢ = 0 for the max. likelihood reference trajectory,
A7 represents mo confidence sets along the reference
trajectory obtained from X}, and X’ ,g"“afe represents the set of
unsafe states to avoid (could potentially be dynamic where
the set changes with time index k). Note that larger values

Algorithm 1 Safeguarding a Learning-based Planner

Input: Xo, )A(() = 5(0, Po, f, h, Qk, Rk, Bk, Kk X]gnsafe

1: Initialize segment number n = 1

2: while goal not reached and fail-safe maneuver not
applied do

3. Get distribution of reference trajectories m, for n®
segment from learning-based planner

4:  Get max. likelihood reference trajectory from 7, and
append with fail-safe maneuver — 79

5. Check if 70 is safe — 0

6: if ¥ is True then

7 Select 70 as output for n™ segment

8: else

9: while max segment planning time is not reached do

10: Sample i™ reference trajectory from m,, and ap-
pend with fail-safe maneuver — 77,

11: Check if 7%, is safe — 7

12: if at least one !, is True then

13: Find 77 closest to 70 such that v is True

14: Select 7 as output for n™ segment

15: else

16: Apply fail-safe maneuver previously selected for

(n —1)" segment
17:  Proceed to plan for next segment, n = n + 1.

of m result in larger confidence sets A} leading to more
conservative planned trajectories. If ¥0 is True, we select
(%, fl)%szke as the reference trajectory for the n'" segment
along with (%, ﬁ)z o0 as the fail-safe maneuver. However

e.
n-vn

if 40 is False, we sample additional reference trajectories
from m,, append a fail-safe maneuver to them (obtaining
7i in Alg. 1), and evaluate their safety ¢ . The sampling
step is repeated till a specified maximum segment planning
time is reached. If at least one of 1/1; is True, then we
select the safe sampled trajectory that is closest to the max.
likelihood reference trajectory along with the corresponding
fail-safe maneuver. If none of 1%, are True, then we apply the

previously selected fail-safe maneuver (%, fl); i - Note

that this fail-safe maneuver has been previSﬁély'LEilecked
using Eqn. (14), and thus ensures safety in the event that
no trajectory is found. As the robot executes the planned
trajectory for the n™ segment, it begins planning for the
(n + 1) segment. Our algorithm stops once a fail-safe

maneuver has been applied or the goal has been reached.

VI. RESULTS
In order to validate the safeguarding algorithm, we present
simulations and experiments for a ground rover (can be
applied to other robot models if desired). The rover is
modeled as a Dubins vehicle [38] with the following motion
and sensing models:

Tr Tl—1 Vk—1 cos(ak,l)Ak -

Y | __ | Ye—1 Vg—1 sin(0r_1)Ak _ ’
|:6k:|_|:9k1:|+ w1 Ak +Wg, Zp= z: +Vi,
\ Uk ; Vk—1 ak_lAk N~

h(xk)
* f(xk—lyuk—l) *

where (xy, yx) is 2D position, 0y, is heading, vy, is longitudi-
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Fig. 3: (a) We begin by obtaining a distribution of reference trajectories from a learning-based planner, and (b) evaluating
safety of the max. likelihood reference trajectory appended by a fail-safe maneuver. (c) If it is safe we proceed to execute
the trajectory and begin planning for the next trajectory segment. (d) If the max. likelihood reference trajectory is unsafe,
we sample trajectories from the learning-based planner distribution, append them with fail-safe maneuvers and evaluate their
safety. (e) We proceed to execute the nearest safe sampled trajectory and begin planning for the next trajectory segment. (f)
If none of the sampled trajectories are found to be safe, we proceed to execute the previously checked fail-safe maneuver.

nal velocity, wy is angular velocity input, ay is longitudinal
acceleration input and Ak is the discrete time-step.

A. Learning-based Planner Setup

We first train a learning-based planner in simulation with-
out uncertainty, i.e., wxr = 0, vy = 0 and X, = xy.
We train the planner for a simple task of navigating to a
fixed goal region while avoiding two obstacles. Note that,
if desired, our algorithm can be used for arbitrary planners
performing more complex tasks. A fully connected network
with hidden layers of sizes [64, 64, 64, 32] and LeakyReLU
activations is trained using proximal policy optimization [39].
The inputs to the network are the state x; and the obstacle
configurations, and the output is a distribution over desired
angular and longitudinal velocities (between =£0.5rads™*
and +0.5ms™! respectively) for a trajectory segment of
time-horizon 3 s. We use a trajectory parameterization [18] to
convert the network output to a distribution ,, over reference
trajectories (X, ). ;. . The time-step was set to Ak = 0.2,
which worked well for our experiments in Sec. VI-C.

B. Simulation Results

Once the learning-based planner is trained, we simulate
its implementation on the ground rover under motion and
sensing uncertainties. For our simulations, we set the base
uncertainties to be Q) = 10~*xdiag(1 m?2, 1m?2, 5rad?
1m2s~2), R, = diag(0.01m?2, 0.01m?2, 0.001rad?®) and
b = [0.1m, 0.1m, Orad]”. We then create 27 different
uncertainty scenarios by multiplying each of @i, Ri and
by by factors of [1,2,3]. For the confidence level in the
safety evaluation in Eqn. (14), we set m = 3. Since the
true state x; is not known under uncertainty, we use the
reference state Xj; as input to the network. Fig. 4 shows
our simulation results, where we observe that directly using
the max. likelihood reference trajectories from the learning-
based planner results in a significantly lower number of safe
trajectories for larger uncertainty scenarios. On the other
hand, while using our safeguarding algorithm, we observe
that our reachability analysis is able to capture deviations
in the rollouts and thus is able to ensure safety for all 27
scenarios. Additionally, we also compare the average time
taken to compute reachable sets for a trajectory segment
using the presented reachability analysis (Sec. IV) versus the
analysis in the previous work [14]. As shown in Table I, our

computation time remains low, whereas it increases for [14]
as the trajectory grows longer and has more segments.

C. Real-world Experiments

For experiments on a real robot, we setup a ground rover
equipped with a Velodyne VLP-16 LiDAR for 2D landmark-
based positioning, and a Xsens MTi-30 IMU for heading
measurements. An i7 Intel NUC runs the planning and
control architecture (outlined in Fig. 2) entirely onboard'.
We set the motion and sensing uncertainties (i, Ry and
b, to the base uncertainty values mentioned in Sec. VI-
B. The chosen by corresponds to a real bias observed in
the landmark-based positioning, which relies on detecting
a cylindrical-shaped landmark with known position. Since
the LiDAR detects points on the landmark surface, and the
landmark radius is approximately 0.1 m, this results in a
40.1m bias in the position measurement. Fig. 5 shows our
experimental results. We setup two different environments
and conduct 20 runs in each environment: 10 directly using
the max. likelihood reference trajectories obtained from the
learning-based planner, and 10 using our safeguarding algo-
rithm. We observe that directly implementing the learning-
based planner leads to multiple unsafe runs, whereas our
safeguarding algorithm results in all 20 runs being safe.

VII. CONCLUSIONS

In this paper we presented an algorithm for safeguarding
learning-based planners under motion and sensing uncertain-
ties. We derived a recursive reachability analysis and then
integrated it with a safeguarding algorithm to ensure safety
using the computed reachable sets. Our algorithm was vali-
dated via multiple simulations and real-world experiments.

For our future work, we plan to address some limitations
in this paper. Currently our reachability analysis specifically
assumes that the robot uses a state feedback control and an
EKF; we plan to derive the analysis for additional control
and estimation architectures. For the safeguarding algorithm,
instead of randomly sampling alternate trajectories, we plan
to explore adaptive sampling strategies. Finally, we also plan
to test our algorithm on additional robots (such as quadrotors)
with more complex learning-based planners operating in
cluttered environments with dynamic obstacles.

Code available at: https:/github.com/Stanford-NavLab/rover_ros_ws
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Fig. 4: Simulation results. We simulate 27 uncertainty scenarios by multiplying the base uncertainty values (Q, Ry and by,
in Section VI-B) by factors of [1, 2, 3]. For each uncertainty scenario we generate 50 random environments where we plan a
trajectory directly using the max. likelihood reference trajectory from the learning-based planner and using our safeguarding
algorithm. Then for each environment we simulate 100 trajectory rollouts tracking both the planned trajectories. (a) We
observe that as the amount of uncertainty grows, the number of safe rollouts decreases significantly while implementing
the learning-based planner directly. On the other hand, our planning algorithm ensures that all rollouts remain safe in each
of the 27 scenarios. (b)-(c) Two example environments and (d) an out-of-distribution environment where implementing the
learning-based planner directly leads to multiple unsafe rollouts. (e)-(f) While our algorithm results in longer trajectories, it
safely guides the rollouts to the goal and (g) resorts to a fail-safe maneuver when a safe trajectory could not be found.

Trajectory segment number #l1 #5 #10 #15 #20
Our reachability analysis (Sec. IV) 18.9ms | 18.8ms 18.7ms 18.6 ms 18.4ms
[14] 44.7ms | 216.0ms | 436.7ms | 656.5ms | 891.2ms

TABLE I: As the trajectory grows longer (more segments), our computation time remains low whereas it increases for [14].

IN Our algorithm Learning-based planner [JlLandmark [ Goal region [ Unsafe region o Fail-safe stops OCoIIisions|

Fig. 5: Real-world experiments. (a) We conduct experiments on a ground rover which uses a LiDAR for landmark-based
positioning and an IMU for heading measurements. (b)-(c) We setup two different environments and conduct 20 runs in
each: 10 runs directly using the max. likelihood reference trajectories from the learning-based planner versus 10 runs using
our safeguarding algorithm. The landmark was placed in one of the marked locations for half of the runs, and in the other
marked location for the other half. We observe that using the learning-based planner directly gives shorter trajectories, but
results in 5 and 7 unsafe runs in the two environments respectively. On the other hand, our safeguarding algorithm results
in all 10 runs in both the environments being safe, with 7 runs reaching the goal region in both the environments and the
rest applying a fail-safe maneuver. Note that our algorithm involves randomly sampling trajectories from the learning-based
planner distribution (Alg. 1, line 10), which leads to different planned trajectories for each run resulting in some back-
tracking motion and some fail-safe maneuvers.
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