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Abstract— We propose a new frontier concept called the
Gaussian Process Frontier (GP-Frontier) that can be used to
locally navigate a robot towards a goal without building a map.
The GP-Frontier is built on the uncertainty assessment of an
efficient variant of sparse Gaussian Process. Based only on local
ranging sensing measurement, the GP-Frontier can be used for
navigation in both known and unknown environments. The
proposed method is validated through intensive evaluations,
and the results show that the GP-Frontier can navigate the
robot in a safe and persistent way, i.e., the robot moves in the
most open space (thus reducing the risk of collision) without
relying on a map or a path planner. A supplementary video
that demonstrates the robot navigation behavior is available at
https://youtu.be/ndpqTNYqGfw.

I. INTRODUCTION

The concept of frontier-based navigation was firstly pro-
posed by [1]. The frontiers are defined as the boundary grids
between unexplored and explored space, and they usually
appear on the maximum range of sensing (or the “edge
of the sensing sweep” that does not return any obstacle
detection). Since the frontiers are on the boundary between
known free space and unknown space that has not yet been
sensed, the frontiers are used to navigate the robot to further
scan the unknown space, and repeatedly, the known (mapped)
territory will continuously expand by pushing the boundary
toward the unknown areas, leading to interesting exploration
behavior. When there is no new frontier left, the unknown
space exploration is deemed complete.

There are some drawbacks for existing frontier-based
navigation. The first important issue for the existing frontier
concept lies in the inappropriate assumption that the frontiers
(discrete boundary grids) are independent to each other. In
the real world, space has continuity and correlation, and
this property has been ignored. The second issue is the
reliance between frontiers and a map. The conventional
frontiers are defined, and thus dependent, on a map (data)
structure and, usually, the mapping process. Consequently,
existing work typically leverages frontiers for unknown space
exploration and map construction where the spatial coverage
is an important goal. In many practical tasks, the robot
does not need to explore or map the space, but simply
needs to continuously navigate in the environment and might
repetitively revisit the same locations that have been visited
many times before (e.g., patrolling, surveillance).

To tackle the above two issues simultaneously, we propose
a new frontier concept called GP-Frontier based on a novel
compact form of perception model constructed with an
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(a) (b)
Fig. 1: GP-Frontier: (a) a simulation scene where a Jackal robot
is surrounded by sparse obstacles; (b) the colored small spheres
represent the GP-Frontiers (equivalent to local gaps or sub-goals)
detected by our method; the colors reflect the cost (assigned by a
cost function) for each sub-goal based on the final navigation goal
(shown as a green squared). Raw pointcloud is shown in red in (b).

onboard ranging sensor. The GP-Frontier can guide and
navigate the robot in known or unknown space, with or
without a goal. Different from existing work, our solution
does not rely on any map and can navigate the robot contin-
uously and safely. This is achieved by utilizing the variational
sparse Gaussian Process (VSGP) to build a local occupancy
surface, where all the 3D occupied points observed by the
ranging sensor are projected onto a 2D circular surface
that considers the correlations of the observed points and
the uncertainty of the regression model. Frontiers selected
thus are typically located in the most open space, which
is important for safe local navigation. In other words, the
GP-Frontier shows unique navigation capabilities because its
foundation is based on spatial correlation and uncertainty as-
sessment, which is very different from conventional frontier
definitions. Specifically, in this paper we present the GP-
Frontier and its local navigation method by using only an
onboard ranging sensor – we use LiDAR as an example.
The local observation is represented as an occupancy surface,
where all the 3D occupied points observed by the LiDAR
are projected onto a 2D circular surface modeled with VSGP.
Then the uncertainty of the VSGP model is used to detect all
potential GP-Frontiers (sub-goals) around the robot. Based
on the distance and direction of each GP-Frontier relative to
both the robot and the final goal, a cost function selects the
most promising GP-Frontier that will drive the robot to the
final goal. At the last step, a motion command is generated as
a function of both the distance and direction of the selected
GP-Frontier relative to the robot, see Fig. 1 for an illustration.

II. RELATED WORK

The frontier based navigation and exploration has been
studied [1]–[3]. Most existing frontier exploration is coupled
with a mapping method. For example, A 3D frontier detec-
tion method, named Stochastic Differential Equation-based
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Exploration algorithm (SDEE) was proposed in [4] where
the authors demonstrate the efficiency on quadrotors in a 3D
map representation. The frontier-based exploration has also
been extended to UAV-UGV collaborations [5], [6], as well
as multi-agent cooperative exploration [7] which integrates
both the cost of reaching a target and also the utility of
target points. Recently, exploration at high speeds leveraged
the frontiers where a goal frontier is locally selected from
the robot’s field of view [8] so that the change in velocity
to reach the local goal is minimized. Another framework in
the same line is the gap-based method, where a gap is a
free space between two obstacles that the robot can pass
by. The first method, Nearness Diagram, was introduced
by [9], then many variants were developed based on this
approach. As stated in [10], ND-based methods showed un-
desired oscillatory motion. To solve the gap-based method’s
limitations, researchers in robotics developed schemes based
on the geometry of the gap. The Follow-the-Gap Method
(FGM) [11], selects one of the detected gaps based on the
gap area and calculates the robot heading based on the
direction of the gap center relative to both the robot, and
the final goal. Sub-goal seeking approach [12] defines a cost
for each sub-goal as a function of both the sub-goal and
goal heading errors with respect to the robot heading, then
it selects the sub-goal with the minimum cost (error). Our
work is most related to the Admissible Gap (AG) approach as
both aim to address reactive collision avoidance [10]. AG, an
iterative algorithm, considers the exact shape and kinematic
constraints of the robot, finds the possible admissible gaps,
and then chooses the nearest gap as the goal, thus decreasing
motion oscillations, path length, and safety risks.

Distinct from AG, our work is based on a variant of
GP. The standard form of GP is known to suffer from
few limitations [13], the most significant one is the cu-
bic computational complexity of a vanilla implementation.
However, different methods -collectively known as Sparse
Gaussian Process (SGP)- tackle the computation complexity
of GP [14]–[17]. For instance, online SGP [18] has been
proposed to reduce the computational demand associated
with modeling large data sets using GP. Also, a Mixture of
GPs was adopted by [19], [20] to capture non-stationarity en-
vironmental attributes. Naturally, many GP-based occupancy
mapping methods were intensively explored in the literature
[19], [21], [22]. In this work, we choose the VSGP due to its
efficiency in computation and sensing representation which
is important for real-time robot navigation.

III. METHODOLOGY

A. Occupancy Surface Construction with Sensor Data

We define the LiDAR local observation (pointcloud) in the
spherical coordinate system, where any point is represented
by the tuple (θ ,α,r) which describes the azimuth, elevation,
and distance (radius) values of the 3D point with respect to
the sensor origin, respectively. The occupied points observed
by LiDAR are projected onto the occupancy surface, which is
a circular surface around the sensor origin with a predefined
radius roc [23]. Any point on the occupancy surface is defined

(a) (b)
Fig. 2: Occupancy Surface: raw pointcloud of the scene in Fig. 1a is
shown in red in both (a) and (b); the inner circular surface in (a) and
(b) represents the original occupancy surface; while the outer cir-
cular surface in (a) represents the reconstructed occupancy surface
predicted by our VSGP occupancy model; the outer circular surface
in (b) represents the uncertainty (variance) of the reconstructed
occupancy surface. Both original and reconstructed occupancy
surfaces have the same radius, but for better visualization, we depict
the reconstructed surface with an extended radius.

by two attributes θ and α , where θ ’s values range from −π

to π and α’s values depend on the LiDAR’s vertical Field
of View (FoV) (for VLP16 α range is −15◦ to 15◦). Each
point xi = (θi,αi) on the occupancy surface is assigned an
occupancy value oci = roc− ri, where ri is the point radius.
All points that have a radius r shorter than the occupancy
surface radius roc (r < roc) form the occupied space of the
occupancy surface; the rest of the points on the surface with
radius r greater than or equal to the occupancy radius (r >=
roc) are considered as the free space of the occupancy surface
(oc = 0), see Fig. 2a.

B. Occupancy Surface Representation with VSGP

The occupied points on the occupancy surface are trans-
formed to a training data set D = {(xi,yi)}n

i=1 with an n
input points, xi = (θi,αi), and their corresponding occupancy
values, yi = oci. D is then used to train a 2D VSGP
occupancy model f (xi) which describes the probability of
occupancy over the occupancy surface as follow:

f (x)∼V SGP
(
m(x),kRQ

(
x,x′

))
,

kRQ
(
x,x′

)
= σ

2

(
1+

(x−x′)2

2αℓ2

)−α

,
(1)

where kRQ (x,x′) is the Rational Quadratics (RQ) co-variance
function (known as a kernel) with signal variance σ2, length-
scale l, and relative weighting factor α . A Gaussian noise
ε is added to the model to reflect the measurement’s noise.
Therefore, the probability of occupancy yi of any point xi is
defined as yi = f (xi)+ε , where ε is sampled from a Gaussian
distribution N

(
0,σ2

n
)

with a variance σ2
n . The GP posterior

is represented by the posterior mean my(x) and posterior
covariance ky (x,x′) [15] as

my(x) = Kxn
(
σ

2I +Knn
)−1 y,

ky
(
x,x′

)
= k
(
x,x′

)
−Kxn

(
σ

2I +Knn
)−1

Knx′ ,
(2)

where y = {yi}n
i=1, Knn is n× n co-variance matrix of the

inputs, Kxn is n-dimensional row vector of kernel function
values between x and the inputs, and Knx = KT

xn.
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For accurate GP prediction, the kernel parameters Θ and
the noise variance σ2

n should be correctly tuned. In this work,
we use a sparse variant of GP where only m input points
(inducing points Xm) are considered to describe the entire
training data. The values of the latent function f (x) at Xm
are called the inducing variables fm. Specifically, we leverage
the VSGP framework proposed in [15] that jointly estimates
the kernel hyperparameters Θ and selects the inducing inputs
Xm by approximating the GP posterior p( f |y,θ) with a varia-
tional posterior distribution. The computation complexity of
SGP, O(nm2) is dependent on the number of inducing points
m, however, it is always less than the full GP’s computation
complexity, O(n3). More details of the VSGP can be found
in Titsias’s seminal work [15].

A zero-mean function is used to represent a zero-
occupancy prior over the surface, which means that before
acquiring any observation, the occupancy of all points is set
to zero. The RQ kernel is selected to form a flexible GP prior
with a set of functions that vary across different length scales.
The resolution of the LiDAR along the azimuth and elevation
axes is used to initiate different length scales along both
axes. The VSGP optimizes both the variational parameters
(inducing inputs Xm) and the hyperparameters Θ through
a variational Expectation-Maximization (EM) algorithm. In
our model, the limited input domain of the VSGP ( −π < θ <
π and αmin <α <αmax) is exploited to initialize the inducing
inputs Xm at evenly distributed points on the occupied part
of the occupancy surface. At each E-step, a different set
of points is chosen to maximize the variational objective
function while the hyperparameters are updated during the
M-step [15].

After estimating the hyperparameters and the inducing
points, the VGSP occupancy model is used to predict the
probability of occupancy y∗ for any point x∗ on the occu-
pancy surface by employing the GP prediction equation

p(y∗|y) =N(y∗|my(x∗),ky(x∗,x∗)+σ
2
n ). (3)

Fig. 2a shows the original occupancy surface (inner circular
surface) and the reconstructed occupancy surface predicted
by the VSGP occupancy model (the outer circular surface).
Both the original and the predicted occupancy surfaces in
Fig. 2a are color-coded, where warm colors reflect low
occupancy; low occupancy means higher radius values as
ri = roc − oci. Therefore, for any direction defined by the
azimuth θ and elevation α angels, our VSGP occupancy
model estimates the distance ri to the obstacle along that
direction. Our previous study [24] investigated the accuracy
of the VSGP model, where the results demonstrated that a
VSGP with 400 inducing points results in an average error
of around 12 cm in the reconstructed point cloud.

C. GP-Frontiers for Local Navigation

A key benefit of using the GP and its variations over other
modeling methods is their ability to quantify the uncertainty,
or variance, associated with the predicted value at any given
query point. For each point on the reconstructed occupancy
surface, the occupancy µoc predicted by the VSGP model is

associated with a variance value σoc. While the occupancy
surface can be considered as a local 3D map -projected on
a 2D circular surface- of the robot locality (see Fig. 2a),
the variance σoc associated with the reconstructed occupancy
surface can be considered as a local uncertainty-map of the
robot locality, see Fig. 2b. The variance surface (grey-coded
surface in Fig. 2b) generated by the VSGP defines the certain
and uncertain regions in the robot locality. Therefore, any
region on the variance surface can be classified as known
space (low uncertainty regions) shown as black regions
on the variance surface, or unknown space (high uncertain
regions) which we call a GP-Frontier candidate shown as
white regions on the variance surface, see Fig. 2b.

The well-known frontier concept introduced in [1] is
associated with exploration and occupancy map building,
however, in this paper, we do not consider any kind of global
map or map building techniques. Instead, our proposed GP-
Frontier exploits the correlations of the observed points
and is selected by leveraging the uncertainty of the VSGP
occupancy model. GP-Frontiers on the occupancy surface
are typically located in either the most open space (non-
occupied space) or the region in the occupied space that
has a large discontinuity on the occupancy value. This large
discontinuity is explained as the gaps between different
obstacles in the occupied space, which are also considered as
GP-Frontier candidates. In this context, we only consider one
full sensor scan/observation to represent the occupancy of the
robot locality as a VSGP occupancy model and define local
navigation points (i.e. GP-Frontiers) based on the VSGP un-
certainty. Any region on the variance surface with a variance
that is higher than a threshold Vth is considered a GP-Frontier.
Actually, The variance associated with the occupancy surface
varies for each observation and is influenced by the quantity
and the arrangement of the observed points on the surface.
Consequently, the variance threshold Vth is determined as a
variable that varies with the variance distribution across the
surface, Vth = Km ∗ vm where vm is the variance distribution
mean and Km is a tuning parameter.

Formally, a GP-Frontier fi = (θ fi ,α fi ,r fi) is defined by
its centroid point on the variance surface x fi = (θ fi ,α fi),
and the distance r fi between the GP-Frontier centroid and
the occupancy surface origin. r fi is estimated using the
VSGP occupancy model, where oc fi = vgsp((θ fi ,α fi)) and
r fi = roc− oc fi . In practice, for 2D navigation, GP-Frontier
can be defined as fi = (θ fi ,0,r fi) because α fi is a constant
(α fi = αxy = 0), where αxy is the elevation angel of the 2D
XY-plane. θ fi is used to define the GP-Frontier direction with
respect to the robot heading, considering the transformation
between the robot frame R and the LiDAR fame is known.
The cartesian coordinates of GP-Frontier fi in a global
world frame W are calculated as (xw

fi ,y
w
fi) =

W TR(xR
fi ,y

R
fi)

where W TR is the transformation between R and W (robot
localization) and (xR

fi ,y
R
fi) are the cartesian coordinates of the

GP-Frontier fi in R which correspond to the GP-Frontier
spherical coordinates (θ fi ,0,r fi).
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D. GP-Frontier for Goal-Oriented Navigation

To navigate towards a given final goal g = (xg,yg) in W,
local navigation approaches use different criteria to select
one sub-goal (i.e., an ideal GP-Frontier f ∗, or a gap) from
the local GP-Frontiers. Our approach combines both distance
and direction criteria. A cost function C is used to select only
one GP-Frontier f ∗ to act as the next navigation sub-goal.
The proposed cost function C adopts the distance criteria
proposed in [25] and the direction criteria proposed in [12]:

C ( fi) = kdstdsum + kdirθ
2
fi ,

dsum = r fi +
√
(xg− xw

fi
)2 +(yg− yw

fi
)2,

f ∗ = arg min
fi∈F

(C ( fi)) ,

(4)

where kdst , kdir are weighting factors. Integrating both dis-
tance and direction criteria decreases the chance of getting
stuck in local minima. More discussion is provided in
Sec. IV-C.

Finally, a motion command (v,ω) is generated to drive
the robot towards the center of the selected GP-Frontier f ∗.
The linear velocity v varies directly with the distance to the
sub-goal (r f ∗ ) and inversely with the direction to the sub-
goal θ f ∗ ; v = kar f ∗ − kb∥θ f ∗∥. The angular velocity ω is
proportional to the direction of the sub-goal; ω = kcθ f ∗ . ka,kb
and kc are tunable coefficients. If the final goal is inside the
local FoV of the robot, then the motion command drives
the robot directly towards the goal, otherwise, the motion
command drives the robot towards the selected sub-goal f ∗.

Algorithm 1 GP-Frontier Local Mapless Navigation
INPUT : LiDAR Observation (Pointcloud (PCL) )
OUTPUT: Motion Command

1: Xm: Inducing Points
2: X∗← (θ ,α): 2D Variance Grid
3: g = (xg,yg): Navigation goal
4: while New Sensor Observation (PCL) do
5: (θi,αi,ri)← Catersian2Spherical(PCL)
6: oci = roc− ri
7: xi = (θi,αi), yi = oci
8: D= {(xi,yi)}n

i=1← xi,yi
9: f (x)∼V SGP

(
m(x),kRQ (x,x′)

)
10: Optimize( Θ,Xm) ←D
11: µoc,σoc←N(y∗|my(X∗),ky(X∗,X∗)+σ2

n )
12: vm←Mean(σoc)
13: Vth← Kmvm
14: GP-Frontiers ← σoc >Vth
15: for each GPF f i in GPFs do
16: x fi = (θ fi ,α fi)← CentroidOfGP-Frontier
17: oc fi ,σ fi ←N(y∗|my(x fi),ky(x fi ,x fi)+σ2

n )
18: r fi ← roc−oc fi

19: (xR
fi
,yR

fi
,0) ← Spherical2Cartesian(θ fi ,0,r fi )

20: (xw
fi
,yw

fi
,0) ← W TR(xR

fi
,yR

fi
,0)

21: dsum = r fi +
√

(xg− xw
fi
)2 +(yg− yw

fi
)2

22: C ( fi) = kdstdsum + kdirθ 2
fi

23: end for
24: f ∗← argmin fi∈F (C ( fi)) ,
25: v = kar f ∗ − kb∥θ f ∗∥
26: ω ← kcθ f ∗
27: end while

(a) Environment A (b) Environment B
Fig. 3: Simulation experiments. (a) MD; (a) X; where green paths
generated by GP-Frontier and red paths generated by AG.
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Fig. 4: Experiment MD.

IV. EXPERIMENTAL DESIGN AND RESULTS

A. Simulation Setup

The proposed GP-Frontier is built on top of GPFlow [26]
and executed in real-time. Real-time simulation in Gazebo
and real-time demonstration were considered to evaluate the
performance of our approach and to compare it to a baseline
– the AG method [10] that was published recently to address
the same problem. During all of the simulation experiments,
the maximum linear and angular velocities were set to 1.0
m/s and 1.5 rad/s respectively. LiDAR configurations were
set to a 5m maximum range (to have limited FoV compared
to the environment size), a 5Hz frequency, and a resolution
of (0.35◦,2◦) along the azimuth and the elevation axis,
respectively. The surface for occupancy was created with
a radius roc of 5 m and a complete azimuth range from
−180o to 180o, with an elevation height spanning from 0o to
15o. Throughout the experiments, specific tuning parameters
and constants were assigned as follows: inducing points
Xm = 400, variance threshold constant Km = 0.4, where the
distance and direction weighting factors Kdst and Kdir were
set to 5 and 4, respectively. To predict occupancy, a 2D grid
X∗ is used to represent the surface, with a resolution identical
to that of the LiDAR resolution along both the azimuth and
elevation angles.

Two environments A and B, each of them has an area
of 20x20 meters, are used to evaluate the local navigation
performance. Specifically, A is a cluttered environment with
random obstacles, while B is a maze-like environment with 3
u-shaped rooms U1, U2, and U3, see Fig. 3. Different experi-
ments were designed to thoroughly evaluate the performance
of the GP-Frontier and the AG methods. Specifically, i) MD:
where the robot has to go along the main diagonal (MD) of
environment A, see Fig. 3a. ii) X: where the robot has to
go parallel to the X-axis of environment B, see Fig. 3b. iii)
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(a) SU (b) CU (c) GU (d) ω corresponding to SU

Fig. 5: Simulation experiments SU, CU, and GU. Green paths generated by GP-Frontier, while red paths generated by AG.

SU: where the starting pose is located inside U1, see Fig. 5a.
iv) CU: where the robot has to cross U2 to reach the goal,
see Fig. 5b. v) GU: where the goal is located inside U1,
see Fig. 5c. The starting pose and the final goal for each
experiment are shown in Table I. Five metrics are considered
to evaluate the local navigation behavior [10]:
i) Ttot : total time to reach to the final goal g.
ii) Dacc: traveled distance to reach the final goal .
iii) Cchg : trajectory curvature change measure that reflects
the oscillations along the path.

Cchg =
1

Ttot

∫ Ttot

0

∣∣k′(t)∣∣dt, k(t) =
∣∣∣∣ω(t)

v(t)

∣∣∣∣ .
iv) Jacc: accumulated jerk measure for trajectory smoothness.

Jacc =
1

Ttot

∫ Ttot

0
[v̈(t)]2dt.

v) Robs: risk measure that reflects proximity to obstacles.

Robs =
∫ Ttot

0

1
rmin(t)

dt,

where rmin is the distance to the closest obstacle. For all
these five metrics described above, a lower value indicates a
better performance.

B. Simulation Results

Overall, the GP-Frontier and AG techniques were able to
find a collision-free path for both the MD and X experiments,
see Fig. 3. However, in the case of the SU, CU, and
GU experiments, the AG approach failed to reach the goal
(considering 10 trials). Table I shows that the average GP-
Frontier and AG traveled distances for experiments MD and
X are almost equal. Nevertheless, the GP-Frontier outper-
forms the AG in terms of total time, accumulated jerk,
curvature change, and risk measure. The GP-Frontier gen-
erates smoother paths and decreases the risk value since the
robot follows the center of the open space. However, these
advantages (i.g. smoothness and distance from obstacles)
may lead to slightly longer paths. For example, in experiment
X, the AG’s average traveled distance (20.5 m) is lower than
that of the GP-Frontier (20.8 m), see Fig. 3b and Table I.
On the other hand, most of the paths generated by the AG
methods include a point where the robot oscillates (either
left and right or forward and backward) until it eventually
selects a sub-goal, see the highlighted blue circle in Fig.

3a and its corresponding blue square in Fig. 4b. Fig. 4a
shows the running time performance of VSGP model during
experiment MD. The training time (green dots) required to
train the VSGP model on the dataset D is below 20 milli-
seconds for almost all observations, while the prediction time
(blue dots) needed to estimate the probability of occupancy
over the surface and its associated variance is around 60
milli-seconds for all observations.

The AG method encountered a local minimum in the
remaining experiments: SU, CU, and GU, because it only
takes into account the distance metric when selecting a sub-
goal; it selects the gap that is nearest to the goal. In Exp.
SU, at the initial position (indicated by a red circle in Fig.
5a), the robot can observe two gaps (located in the upper left
and upper right corners of U1). The AG method chooses the
upper left gap since it is the closest to the goal. However,
as the robot departs from U1 towards the upper left gap, the
lower edge of U1 goes out of the field of view, leading to
the emergence of a new gap (lower gap) inside U1 that is
now closest to the goal. The AG method subsequently selects
the lower gap as the current sub-goal. Once the lower edge
of U1 reappears, the AG method switches back to selecting
the upper left gap as the sub-goal. This pattern of actions
repeats continuously, as seen in Figs. 5a and 5d. The situation
is different for the GP-Frontier method because it selects a
sub-goal based on both the distance and direction of the GP-
Frontiers (gaps). So, Even when the new lower gap inside
U1 appears, it will have a high cost in terms of direction
with respect to the robot’s heading. As a result, GP-Frontier
will keep the upper left gap as the current sub-goal. In Exp.
CU, the AG method encountered a similar problem as in
Exp. SU, getting stuck in a local minimum where the robot
oscillates left and right inside U2, see Fig. 5b.

In Exp. GU, the situation is different from that in Exp. SU
and CU, as the AG gets stuck outside the U-shaped obstacles,
however, the AG is stuck because of the same reason. When
the robot reaches the lower right corner of U1, it encounters
three gaps (with directions: up, down, and left (inside U3)).
Since the upper and left gaps have approximately the same
distance to the goal (inside U1), the AG method selects the
gap nearest to the goal (assume the upper gap). But, as the
robot moves towards the selected gap (following a curve
around the lower right corner of U1), the other gap (left gap)
will become the nearest to the goal. Thus, the AG method
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Env. Exp. Starting pose Goal Method Ttot[s] Dacc [m] Jacc[ms−3] Cchg [rad/m] Robs[m−1]

A MD (−8.5,−8.5,45o) (8.5,8.5,45o)
GP-Frontier 28.68±1.2 28.2±0.74 30.2±10.2 18.14±18.9 19.76±1.1

AG 34.11±4.3 28.4±0.66 74.1±9.7 76.19±81.8 26.27±3.0

B X (−8,1,−45o) (8,1,0o)
GP-Frontier 21.12±0.6 20.8±0.52 51.70±8.9 10.03±12.36 13.8±0.6

AG 22.85±0.8 20.5±0.26 66.36±15.2 25.68±26.53 14.8±0.9

B SU (4,4,90o) (−2,−8,0o)
GP-Frontier 40.1±0.6 39.50±0.6 46.20±6.1 19.5±13.6 28.2±1.6

AG Fail Fail Fail Fail Fail

B CU (−8,8,−45o) (8,−8,0o)
GP-Frontier 43.1±0.7 40.2±0.45 48.1±6.9 21.17±15.2 27.9±1.1

AG Fail Fail Fail Fail Fail

B GU (−5,−8,45o) (4,4,−90o)
GP-Frontier 30.9±0.5 30.6±0.3 41.3±5.6 19.08±8.4 20.9±0.8

AG Fail(110) Fail Fail Fail Fail

Cafeteria - (0,0,0o) (16,−4,1o)
GP-Frontier 55.9±13.8 20.5±2.1 4.7±2.9 0.3±0.05 36.4±10.3

AG 83.9±17.9 22.6±4.7 38.4±11.8 7.1±8.6 98.9±24.3

TABLE I: Local Navigation Performance, improved metrics over the baseline is highlighted in bold for each experiment.

(a) (b)
Fig. 6: Real robot evaluation in an indoor environment. (a)
University cafeteria. (b) shows raw pointcloud, variance surface
(grey-coded surface), detected GP-Frontiers which are visualized
as grey-colored spheres; whiter spheres have less cost. The green
arrow indicates the direction of the goal.

switched to it once again. This same sequence is repeated
continuously, as depicted in Fig. 5c. This behavior can be
seen in the supplementary video.

We believe that the AG method encountered local minima
in environment B due to the challenging navigation through
U-shaped rooms and wide walls, resulting in two gaps that
are equidistant from the final goal. In contrast, environment
A is less challenging because the obstacles’ size is smaller.
Our approach, unlike the AG method, takes into account both
the direction and distance of the GP-Frontiers (gaps) in the
cost function C, which minimizes the probability of getting
trapped in a local minimum.
C. Hardware Demonstration

A Jackal mobile robot, equipped with a VLP-16 LiDAR
is used to validate our GP-Frontier approach. Our algorithm
runs in real-time with a frequency of 10 Hz. Our GP-Frontier
method is validated in both indoor and outdoor environments.
The university cafeteria is chosen to represent a cluttered
indoor environment similar to environment A, as shown in
Fig. 6. In addition, the GP-Frontier is demonstrated in a
harsh outdoor environment by testing it on a real forest trail,
see Fig. 7. Compared to other local gap-based navigation
approaches, GP-Frontiers relies on the variance surface of
the VSGP representation, which is more resilient to noisy
measurements. This property is particularly valuable in noisy
environments, as demonstrated in the noisy pointcloud gen-
erated in the forest, see Fig. 7b. By smoothing out the
raw pointcloud observation, the variance surface enables
better detection of the GP-Frontier (gaps) around the robot.
The surface also exhibits a smoothing property for indoor

(a) (b)
Fig. 7: Real robot evaluation in an outdoor environment (a) trail
inside a forest. (b) shows raw pointcloud, variance surface (grey-
coded surface), detected GP-Frontiers which are visualized as grey-
colored spheres; whiter spheres have less cost.

environments, as evidenced by Fig. 6, where it smooths
out the occupied and free spaces. Specifically, the variance
surface represents each table and its chairs as a single ”big”
obstacle, black regions on the surface, instead of being a
sparse set of points as seen in the raw pointcloud data.

The performance table (Table I) demonstrates that our
proposed approach outperforms the AG method in all perfor-
mance metrics. The accumulated jerk Jacc and the trajectory
curvature Cchg values in the real-world experiments are
lower than those in the simulation experiment due to the
maximum linear velocity being limited to 0.5 m/s during the
hardware demonstration. Robot navigation in these environ-
ments with real-time computed GP-Frontiers can be watched
in the supplementary video.

V. CONCLUSION

We present the GP-Frontier and its navigation approach to
navigate the robot safely towards a goal without the need of
any global map or path planner. The proposed approach is
built on the uncertainty assessment of the VSGP occupancy
model of the robot surrounding. The VSGP model provides a
high-level representation of the environment, which is a more
efficient representation to detect the open (safe) gaps around
the robot and is more robust again the noisy measurement.
The intensive evaluation shows that our approach has salient
advantages over the most recent baseline method.
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