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Abstract Ground segmentation is a key compo-
nent for Autonomous Land Vehicle (ALV) nav-
igation in an outdoor environment. This paper
presents a novel algorithm for real-time segment-
ing three-dimensional scans of various terrains.
An individual terrain scan is represented as a cir-
cular polar grid map that is divided into a number
of segments. A one-dimensional Gaussian Process
(GP) regression with a non-stationary covariance
function is used to distinguish the ground points
or obstacles in each segment. The proposed ap-
proach splits a large-scale ground segmentation
problem into many simple GP regression prob-
lems with lower complexity, and can then get a
real-time performance while yielding acceptable
ground segmentation results. In order to verify the
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effectiveness of our approach, experiments have
been carried out both on a public dataset and
the data collected by our own ALV in different
outdoor scenes. Our approach has been com-
pared with two previous ground segmentation
techniques. The results show that our approach
can get a better trade-off between computational
time and accuracy. Thus, it can lead to succes-
sive object classification and local path planning
in real time. Our approach has been successfully
applied to our ALV, which won the championship
in the 2011 Chinese Future Challenge in the city of
Ordos.
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1 Introduction

Navigation in an unknown outdoor environment
is a challenging task for an Autonomous Land Ve-
hicle (ALV). It is one interesting topic in the areas
related to sensors, measurements, and control.
The research outcomes of this topic have wide
applications. For example, an ALV can be used
in military, where tasks are too risky for soldiers.
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Since ground segmentation is a key component
for ALV navigation in an outdoor environment,
it has been studied recently in the robotic re-
search area. In order to arrive at a predefined
destination safely, a robot needs identifying a tra-
versable ground and various obstacles in the area.
Then, the robot can plan a right path toward its
destination while avoiding collisions. As ground
segmentation is a critical pre-processing step in
obstacle classification, the performance of ground
segmentation will directly affect the successive
obstacle classification that especially is important
to local path planning and position estimation in
dynamic environments. A typical dynamic urban
scene is shown in Fig. 1.

With the cameras and range scanning devices
becoming standard equipment in an ALV, much
research has been carried out over the last few
years concerning ground segmentation. As color
cameras are mass-produced and comparatively in-
expensive, many research groups use them as the
main sensors for their robots or AVLs. The meth-
ods can be divided into two groups: the methods
based on the monocular vision [7, 9, 28, 32, 33] and
the stereo vision [8, 14, 20]. These methods usually
use texture features and color features to segment
the ground. Thus, they are highly sensitive to the
illumination and shadows.

Compared to cameras, laser rangefinders con-
tain mobile parts in their design, which makes
them complex and expensive. However, they can

provide accurate range information, which makes
them popular and widely used in the domain of
robots.

Douillard et al. [4] presented a method based
on the fast Fourier transform for segmenting
three-dimensional scans of underwater unstruc-
tured terrains in the frequency domain. The lower
frequency components represent the underlying
ground. The bandwidth is automatically deter-
mined using peak detection. To the best of our
knowledge, this is the only work that segments
three-dimensional scans in the frequency domain.

In the spatial domain, many ground segmenta-
tion approaches have been proposed, which can
roughly be divided into three subgroups: grid cell-
based methods [6, 29], line-based methods [10, 13,
26] and surface-based methods [5, 11, 17, 23, 31].

Thrun et al. [29] presented a ground seg-
mentation method based on the Min-Max eleva-
tion map, which was widely used by the teams
at the 2007 DARPA (Defense Advanced Re-
search Projects Agency) Urban Challenge com-
petition. The height difference is computed be-
tween the maximum and minimum heights of the
returns falling in the cell. The cells whose height
differences are less than a pre-defined threshold
are identified as ground. This approach originally
could not solve the under-segmentation prob-
lem, which was later addressed in reference [6].
The approach in [6] extracts the ground surface
with a mean elevation map. The largest gradient

Fig. 1 A typical segmentation result of one scan collected
by Velodyne LIDAR (Light Detection And Ranging) in an
urban environment. The yellow, red, green pixels represent
the ground, obstacles, and overhanging structures, respec-

tively. The middle cube is our ALV, and the other two cubes
are the vehicles detected based on ground segmentation.
The green arrow represents the driving direction
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between the cell and its neighbors is retained as
the cell’s gradient. If the gradient is less than a
threshold, the cell belongs to the ground. The
largest set of connected ground cells becomes
the ground surface. The grid cell-based methods
only use the local information rather than the
global ground continuity information to segment
the ground. Thus, the performance is so sensitive
that it can be easily affected by observation noises
and the extrinsic calibration of a sensor.

Stamos and Hadjiliadis [26] presented an on-
line ground segmentation algorithm based on the
coarse classification method in reference [10]. It
first detects a sequence of horizontal points that
can be potentially on the ground within each
scanline, and then verifies them as the actual
ground points across the scanlines. The algorithm
can generate a robust estimation of the ground
points, along with the height of the ground at
each scanline. Himmelsbach et al. [13] described
a fast method for segmentation of large-size long
range 3D point clouds for a high-speed ALV. The
approach divides the polar grid map into many
segments, and uses the line extraction algorithms
in [19] to represent the ground surface in each seg-
ment. The method splits the segmentation prob-
lem into many simple fitting problems with lower
complexity. It can get a real-time performance,
but it is not suitable for a rough terrain. This issue
will be addressed in this paper.

The surface-based method performs ground
segmentation using LIDAR (LIght Detection
And Ranging) data based on the notion of ground
continuity. The commonly used approaches are
based on the 3D grid maps. Reference [17] pre-
sented an extension of Gaussian process regres-
sion technique for terrain modelling. To deal with
the preservation of the structural feature, the ap-
proach employs a non-stationary covariance func-
tion and presents a new method to local kernel
adaption based on Elevation Structure Tensor
(EST). Based on reference [17], Plagemann et al.
[23] modelled a terrain using a GP regression
with a non-stationary covariance function. Also,
in order to further increase the efficiency of the
model, a non-iterative model is derived. Another
GP prior is put into the local kernel’s parameters
to calculate the local kernel at any point. In [5],
a novel iterative approach, Gaussian Process In-

cremental Sample Consensus (GP-INSAC), was
presented to estimate the probabilistic, continu-
ous ground surface for spare 3D data that are clut-
tered by the non-ground objects. The algorithm
maintains the approximate capability of GP ter-
rain modelling and endows it with the capability
of outlier rejection. Thus, it can represent all kinds
of terrains. However, it only processes the data
off-line. The approach in [11] uses online kernel-
based learning in Reproducing Kernel Hilbert
Space (RKHS) to estimate a continuous ground
surface over the area of interest, which also pro-
vides the surface’s upper and lower bounds. The
visibility information is exploited to increase accu-
racy and the computational time is decreased by
gradient-based optimization. These methods can
usually get good ground segmentation results, but
cannot be applied in real-time applications, which
are essential for an ALV.

In this paper, we present a real-time ground
segmentation approach based on Gaussian pro-
cess regression in the polar grid map for an
ALV equipped with Velodyne HDL-64E Scan-
ning LIDAR system [3]. Our method constructs
a circular polar grid map, and uses a one-
dimensional Gaussian process regression with the
non-stationary covariance function proposed by
Paciorek and Schervish in [21] to allow for lo-
cal adaptation to the undulation of the ground
in each segment of the map. The adaptation
is achieved by calculating the local gradient in
each segment. Our method is inspired by refer-
ences [13] and [5]. Comparing with reference [13],
this paper exploits continuous Gaussian process
regression instead of the piecewise line fitting
in every segment, which makes our approach
more robust to rough terrains. Relative to ref-
erence [5] that modelled the global ground in
the three-dimensional grid map using Gaussian
Process Incremental Sample Consensus with sta-
tionary covariance function, our method divides a
large-scale two-dimensional ground segmentation
problem in the three-dimensional grid map into
many one-dimensional Gaussian process regres-
sion problems with lower complexity in the seg-
ments of the polar grid map, which will increase
the computational efficiency greatly. Also, a non-
stationary covariance function is adopted to in-
crease the accuracy of segmentation.



J Intell Robot Syst

The main contributions of this paper are
two-fold. The most significant one is that a
complicated, large-scale two-dimensional ground
segmentation problem can be divided into many
simple one-dimensional Gaussian process regres-
sion problems in the segments of the polar grid
map. Thus, the LIDAR data can be processed
online. The second contribution is the locally
adaptive Gaussian process regression, in which
the length-scale li is adapted using the 1D gradi-
ent information in the segment of the polar grid
map. Also, we formulate the pseudo log marginal
likelihood to learn the hyper-parameters of the
Gaussian process regression with non-stationary
covariance function using several typical terrain
structures. With the learnt hyper-parameters, our
algorithm can adapt to most urban and country-
side environments.

The rest of the paper is structured as follows.
In the next section, the three-dimensional Velo-
dyne LIDAR data acquisition and how to con-
struct the polar grid map are described. Section 3
describes the ground segmentation approach
based on Gaussian process regression with non-
stationary covariance function in detail. Some
experimental results are showed in Section 4.
Our algorithm are compared with two previous
ground segmentation techniques on the public
dataset in [16] and the data collected by our ALV
in different outdoor scenes. The results show a
promising performance of our algorithm. Finally,
conclusions and an outline of the future work are
given in Section 5.

2 Data Acquisition and Polar Grid Map
Representation

Velodyne HDL-64E S2 is an improved high
definition LIDAR scanner designed for ALV nav-
igation, mapping, surveying and other uses. With
its full 360◦ horizontal Field Of View (FOV) by
26.8◦ vertical FOV, the HDL-64E S2 provides
significantly more environmental information up
to 120 meters than previously available, and with
over 1.3 million points per second output at the
frame rate of 10 HZ. The HDL-64E S2 outputs
UDP Ethernet packets, each of which contains a
data payload of 1206 bytes that represent distance,

azimuth, and intensity information respectively
[15]. Unlike the references [10, 26], in this paper,
the points that are collected within one scan (re-
quired 0.1 s) are treated as if they are collected
at the same time. The approach in [18] is adopted
to transform the original points to the LIDAR
coordinate system. Through simple translation,
these points can be transformed into the vehicle’s
local coordinate system, in which the results of
ground segmentation can be used for local path
planning directly. We assume that the vehicle’s
local coordinate system is tied to its centre with y-
axis pointing directly forward, and z-axis pointing
upward. Formally, a scan collected at time point
t is represented by the set Pt = {p1, p2, . . . , pl},
where pi = (xi, yi, zi)

T is given by its Euclidean
coordinates with respect to the vehicle’s local co-
ordinate system.

The scan contains so many points that we need
to represent them in a right way to increase the
computational efficiency. Instead of establishing
the complex relationships based on a kernel func-
tion among the grid cells [5, 11, 17, 23, 31] or
calculating the height differences [29] in the ele-
vation map, this paper follows reference [13] to
construct a polar grid map. There are at least three
merits in our algorithm: (1) the polar grid map re-
tains all the data to avoid the under-segmentation
problem; (2) the polar grid map fits well to the
physical model of LIDAR. The data can be par-
titioned in a way that allows the ground points
to be segmented by many simple one-dimensional
local regressions, which will greatly improve the
computational efficiency; (3) the polar grid map is
suitable to describe both flat and sloped terrains as
well as the transition between both [13]. In order
to keep the completeness and continuity of the
paper, we will describe how to construct the polar
grid map for our ALV briefly.

Given a scan Pt = {p1, p2, . . . , pl} collected at
time point t with respect to the vehicle’s local
coordinate system with origin O, we firstly par-
tition these 3D points into a circular polar grid
map with radius Rdef, which will be divided into
M segments, as shown in Fig. 2.

The point whose horizontal distance to origin O
exceeds Rdef will be omitted. The residual points
are mapped into segments according to their an-
gles with the positive y-axis of the coordinate
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Fig. 2 A polar grid map, which is evenly split into M
segments counter-clockwise. Every segment is divided into
N bins unevenly. Obviously, the range of a bin that is close
to the LIDAR centre is smaller, while the range of a bin
that is far away from the centre is relatively large. The
middle green rectangle represents our ALV

system. Point pi will be assigned into segment
S(pi) according to Eq. 1:

S(pi) =
[

Ang(xi, yi)

�α

]
, (1)

where [.] is the rounding function, Ang(xi, yi) rep-
resents the horizontal angle between the positive
y-axis and Opi, �α represents the angle that every
segment covers. All points that are mapped into
the same segment m can form a set Pm [13]:

Pm = {pi ∈ Pt|S(pi) = m} . (2)

Every segment will be divided into N bins to
discrete the range components of the points. The
nth bin b m

n in segment m covers the range from
rmin

n to rmax
n . Point pi = (xi, yi, zi)

T is mapped into
bin b m

n if and only if its radial coordinate ri satisfies
the inequality in Eq. 3:

rmin
n < ri =

√
x2

i + y2
i ≤ rmax

n ∧ pi ∈ Pm. (3)

Since data from the LIDAR samples the
ground unevenly, quickly becoming sparse at
longer ranges and containing large voids because
of occlusions, the range that every bin covers
varies in this paper, according to the bin’s distance
to the LIDAR. All the 3D points that are mapped
into the nth bin of segment m can form a set Pb m

n
.

For every set Pb m
n

, there is a one-to-one set P′
b m

n
of

2D points [13]:

P′
b m

n
=

{
p′

i = (
ri, zi

)T |pi ∈ Pb m
n

}
. (4)

Our goal is to split a complex two-dimensional
ground segmentation problem into many simple
one-dimensional regressions. Thus, we choose the
2D point p′

i ∈ P′
b m

n
with the lowest zi in every bin

of segment m to form the candidate ground point
set PGm:

PGm =
{

p′
i|p′

i ∈ P′
b m

n
, zi = min(Hm

n ), n = 1 . . . N
}

,

(5)

where Hm
n is the set of z coordinates of all the

points that are mapped into bin b m
n . Up to now,

all the 3D points have been mapped into P′
b m

n
.

For every segment m, the set PGm can be used
to model the ground. After the reference height
of the ground in every segment is obtained, it can
be used to give each point in the corresponding
segment a label: ground or obstacle, according to
its relative height with the reference height of the
ground.

3 Ground Segmentation as a 1D Regression
Problem

In robotics, Velodyne HDL-64E S2 is a popular
sensor, as it provides accurate and high frequency
3D measurements. After the pre-processing step
above, these 3D raw points are transformed
into a polar grid map that will be divided into
M segments. For every segment of the map,
in this section, we will construct a continuous
1D ground model that yields predictive distrib-
utions of ground heights at arbitrary locations
of the segment. This can split the complex two-
dimensional ground modelling problem into many
one-dimensional local regression problems to in-
crease the computational efficiency.

For segment m, the process of constructing
the local ground model can be described as fol-
lows. Given a two-dimensional point set PGm ={
(ri, zi)

}n
i=1 of n location samples, ri, zi ∈ R can be

contaminated by obstacle points. Our task is to get
rid of the outliers and use the residual samples
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set Dm to build the ground model pm(z∗|Dm, r∗)
for segment m, where r∗ is the test input (radial
coordinate) in segment m, and z∗ is the predictive
height of the ground at input r∗. Since Gaussian
process regression has powerful approximate abil-
ity, it has been widely used in robotics recently
[1, 5, 12, 17, 23, 30, 31]. In this paper, a one-
dimensional Gaussian process regression will be
used to build the ground model in every segment
of the polar grid map, rather than to build a
continuous two-dimensional ground model of the
whole 3D elevation map directly.

3.1 Gaussian Process Regression

A Gaussian process is a collection of random
variables, any finite number of which have a joint
Gaussian distribution [24]. It is a non-parametric
continuous representation that provides a pow-
erful basis for modelling spatially correlated and
possibly uncertain data. Given a 2D training set
D = {

(ri, zi)
}n

i=1 of n samples, according to the
definition of the Gaussian process, the joint dis-
tribution of these training samples can be ex-
pressed as:

p(Z |R) ∼ N(μ, K), (6)

where R = [r1, . . . , rn]T , Z = [z1, . . . , zn]T , μ is
the mean vector, and K is the covariance matrix.
For notational simplicity, the mean vector μ is
often taken to be zero [24]. The covariance matrix
K models the relationships between the random
variables. It is specified in terms of a covariance
function k and the noise variance σ 2

n :

K(ri, r j) = k(ri, r j) + σ 2
n δij, (7)

where δij is a Kronecker delta, which is one iff i = j
and zero otherwise.

The commonly used stationary, isotropic co-
variance function k is squared-exponential (SE)
covariance function. It has the following form [24]:

k(ri, r j) = σ 2
f exp

(
− (ri − r j)

2

2l2

)
, (8)

where l is the length-scale, and σ 2
f is the sig-

nal covariance. These free parameters constitute
the hyper-parameters of the Gaussian process.
Gaussian process regression uses the fact that the

joint distribution of the training outputs Z and
the output z∗ at the test input r∗, according to the
definition of Gaussian process, is:
[

Z
z∗

]
∼ N

(
0,

[
K(R, R) K(R, r∗)
K(r∗, R) K(r∗, r∗)

])
. (9)

Thus, the key predictive equation for Gaussian
process regression takes the following form:

z̄∗ = K(r∗, R)K−1 Z

V[z∗] = K(r∗, r∗) − K(r∗, R)K−1 K(R, r∗), (10)

where z̄∗ and V[z∗] are the mean and covariance
of the output z∗ respectively, K−1 is the matrix
inversion of K, and K = K(R) = (

K(ri, r j)
)

1≤i, j≤n.

The kth element of K(r∗, R) ∈ R
1×n is K(r∗, rk),

which can be calculated using Eq. 7.
The main drawback of squared-exponential

covariance function is the assumption that the
length-scale is constant over the whole input space
[23]. In order to adapt to various terrains, we
should choose a long length-scale for the flat
ground and a short length-scale for the rough
ground.

In this paper, in order to increase the accuracy
of the segmentation, the non-stationary, isotropic
covariance function proposed by Paciorek and
Schervish [21] is used to solve the regression prob-
lem for each segment. For one-dimensional case,
it takes the following form:

k(ri, r j) = σ 2
f

(
l2
i

) 1
4
(
l2

j

) 1
4

(
l2
i + l2

j

2

)− 1
2

× exp

(
−2(ri − r j)

2

l2
i + l2

j

)
, (11)

where each input location ri has an individual
length-scale li. The covariance between two out-
puts zi and z j is calculated by averaging between
the two length-scales at the corresponding input
locations ri and r j [22]. In this way, the covariance
function of the model can describe the local char-
acteristics of the ground better, to some extent.

In this paper, the length-scales are adapted with
the 1D gradient information in the segment of
the polar grid map. For every segment m, the
incremental algorithm in [19] is used to extract the
lines Lm, and the line whose absolute gradient is
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greater than 10◦ is omitted. That is because the
ground whose absolute gradient is greater than
10◦ is considered to be an obstacle for an ALV
in this paper. For each input ri in PGm, we find
the line in Lm that is closest to it in terms of the
minimum distance to one of the line’s endpoints,
and then assign input ri the absolute value of the
gradient g(ri) of the corresponding line. The local
length-scale li for input ri is calculated as follows:

li =

⎧⎪⎪⎨
⎪⎪⎩

a ∗ lg
(

1
|g(ri)|

)
if |g(ri)| > gdef

a ∗ lg
(

1
|gdef|

)
otherwise

, (12)

where a is just a scale parameter that is greater
than 0, and can be learnt in Section 3.3; |g(ri)| is
bounded by gdef to prevent li to be infinite in the
flat ground, gdef is a predefined parameter that is
greater than 0.

3.2 Ground Segmentation Based
on GP Regression

For segment m, a candidate 2D ground point set
PGm can be obtained, which can be contaminated
by obstacle points. However, the typical Gaussian
process regression assumes that all data of set
PGm are ground points with few outliers. In this
paper, the ground segmentation problem can be
re-formulated as obtaining one regression model
with the ability of outlier rejection for each seg-
ment. In this paper, iterative learning is adopted
to build our local ground model that has both the
powerful approximate ability and outlier rejection
ability in every segment of the polar grid map. The
detailed algorithm is shown in Algorithm 1.

The algorithm starts with a scan of 3D point
clouds Pt, and outputs the label of every point:
ground or obstacle. The algorithm mainly con-
tains six steps: polar grid map representation, line
fitting, seed estimation, Gaussian process regres-
sion with non-stationary covariance function, new
seed evaluation and point-wise segmentation.

The polar grid map representation is corre-
sponding to the function polargridMap in line 1.
The polar grid map is partitioned into M seg-
ments, each of which is divided into N bins. The
detailed process is shown in Section 2.

Algorithm 1 Ground Segmentation
Input: Pt = {p1, p2, . . . , pl}, M, N, B, Ts, Tr,

a, σ f , σn, tmodel, tdata

Output: label of pi, i = 1, . . . , l
1:

(
PG, P′

b m
n

)
=PolarGridMap(Pt, M, N);

2: for i = 1 : M − 1 do
3: Li=fitline(PGi, a);
4: snew = sp = ∅;
5: snew=seed(PGi, B, Ts);
6: while size(snew) > 0 do
7: sp = sp ∪ snew;
8: model=GPR(sp, Li, σ f , σn);
9: test=PGi − sp;

10: snew=eval(model, test, tdata, tmodel);
11: end while
12: for j = 0 : N − 1 do
13: segment

(
model, P′

b j
i

, Tr
)
;

14: end for
15: end for

Line fitting is corresponding to the function
f itline in line 3. All the line extraction algorithms
in [19] can be used. We use the incremental algo-
rithm in this paper, because the points in set PGi

have been sorted according to their distances to
the LIDAR. Each point in set PGi is assigned a
local length-scale calculated by Eq. 12 (See Fig. 3).

The third step is seed estimation in line 5. Its
goal is to find the initial ground points as the train-
ing data. In this paper, the points whose absolute
heights are less than Ts within a fixed radius B of
the sensor are chosen as the initial seeds. Since
the absolute heights of the points are used as a
criterion to choose the seeds in this function, the
accuracy of extrinsic calibration of the LIADR
needs to meet some requirements. If there are
no initial seeds, our algorithm will be of no avail.
Generally, B = 30 m and Ts = 30 cm are chosen
because of the climbing obstacle capability of our
ALV.

Obtaining the ground model based on Gaussian
process regression (line 8) is the goal of the fourth
step. Equations 7 and 11 are used to calculate the
covariance matrix between the pairs of seeds sp.
If the horizontal distance between two seeds is
less than one meter, only one seed will be kept
and the other one will be deleted. Thus, there
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Fig. 3 The results of the
line extraction in one
segment. The green lines
represent the ground in
the segment, and the
numerals are the
gradients and
interceptions of the
corresponding lines (a).
The pentacles are the
length-scales at the input
locations, which are
processed by an average
filter (a = 1) (b)

will not be too many seeds in each segment. The
small size of the covariance function increases the
computational efficiency greatly.

The new seed evaluation is corresponding to
the function eval in line 10. Equations 7 and 11
can be used to calculate K(r∗, r∗) and K(r∗, sp)

for every test point (r∗, z∗). Equation 10 can then
be used to calculate the mean and variance of
the output z∗ at the test input location r∗. In this
paper, the rulers (in Eq. 13) proposed by Douil-
lard [5] are adopted to evaluate the attribute of
the input points: the new seeds or outliers. The
parameter tmodel is the threshold of the variance
V[z] of the output z∗, while tdata specifies the

normalized distance between the real output z∗
and the expected mean z̄ of the output at the test
input r∗.

V[z] ≤ tmodel
|z∗ − z̄|√
σ 2

n + V[z] ≤ tdata. (13)

For the test point (r∗, z∗), it is classified as the
new seed if and only if it satisfies both of the
inequalities in Eq. 13. Otherwise, it is an outlier.
Starting from the initial seeds (line 5), the seeds
are accumulated per iteration until no more new
seeds are found (lines 6–11). Figure 4 shows the
results of the iterations in the first segment of the
scene shown in Fig. 10.

Fig. 4 Cross section of a
segment in a polar grid
map. The blue points are
the likely ground points,
while the red circles
represent the seeds after
per iteration. The point
(the pentacle in the
bottom-right f igure) that
is the return of a wire
across the road is
classified as the outlier
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The final step is the point-wise segmentation,
which is corresponding to the function segment in
line 13. For segment i, the final seeds, which are
found through the iterations above, can be used
to model the local ground. For the jth bin bi

j in
segment i, (rmin

j + rmax
j )/2 is used as the radial co-

ordinate of bin bi
j. Thus, for ri

j = (rmin
j + rmax

j )/2,
Eq. 10 can be used to predict the mean height of
the ground z̄i

j in bin bi
j. This mean ground height

z̄i
j of bin bi

j is defined as the reference ground
height Hij. For every point p′

k in the set P′
bi

j
=

{p′
k = (rk, zk)|pk ∈ Pbi

j
}, if its relative height |zk −

Hij| is less than Tr, p′
k is classified as a ground

point. Otherwise, it is an obstacle point. Since the
point-to-point mapping between set Pbi

j
and set

P′
bi

j
is one-to-one, the 3D point pk and the 2D

point p′
k have the same label. Now, all the labels

of the 3D points in the scan can be obtained.

3.3 Learning Hyper-Parameters

So far, we have described our method assuming
that we had known the hyper-parameters θ =
{σ f , a, σn}. However, in practice, they cannot be
obtained in advance. In this section, we formulate
the regression task in every segment as a super-
vised learning problem, and focus on how to learn
these parameters.

Given a training set � = {
rm, zm

}M
m=1, each seg-

ment is a training example of the form (rm, zm),
where each rm = {

rm
1 , . . . , rm

nm

}
is a sequence of

nm radial coordinates in segment m, each zm ={
zm

1 , . . . , zm
nm

}
is a corresponding sequence of the

heights of the ground, and nm is the number of
points in segment m. In this paper, we assume that
these examples are conditionally independent,
and try to seek these hyper-parameters by maxi-
mizing the pseudo log marginal likelihood [24]:

M∑
m=1

log p(zm|rm, θ) = −1
2

M∑
m=1

(zm)T K−1
m zm

−1
2

log

(
M∏

m=1

|Km|
)

− log 2π

2

M∑
m=1

nm, (14)

where Km is the covariance matrix for the noisy zm

values in segment m, and can be calculated using
Eq. 7.

To set the hyper-parameters by maximizing
Eq. 14, we seek the partial derivatives of the
pseudo log marginal likelihood with respect to the
hyper-parameters. We obtain:

∂

∂θi

(
M∑

m=1

log p(zm|rm, θ)

)

= 1
2

M∑
m=1

tr
((

αmαT
m − K−1

m

) ∂Km

∂θi

)
, (15)

where tr() represents the trace of the matrix, αm =
K−1

m zm, and ∂Km
∂θi

is a matrix of elementwise deriv-

atives. The specific formulas of ∂Km
∂θi

are as follows:

∂Km(ri, r j)

∂σ f
= 2σ f

(
d2

i

) 1
4
(
d2

j

) 1
4

(
d2

i + d2
j

2

)− 1
2

× exp

(
− 2(ri − r j)

2

a2
(
d2

i + d2
j

)
)

∂Km(ri, r j)

∂a
= σ 2

f

(
d2

i

) 1
4
(
d2

j

) 1
4

(
d2

i + d2
j

2

)− 1
2

× exp

(
− 2(ri − r j)

2

a2
(
d2

i + d2
j

)
)

×
(

4(ri − r j)
2

a3
(
d2

i + d2
j

)
)

∂Km(ri, r j)

∂σn
= 2σnδij, (16)

where di = lg
( 1

|g(ri)|
)
. A gradient based optimizer

can be adopted to solve the problem.
In this paper, ten labelled scans of street scenes

collected in an urban area of Boston [16] and
some manually labelled scans are used to learn the
hyper-parameters. Every scan is divided into 180
segments. Some typical segments such as the up-
hill roads, downhill roads, flat roads, rough roads
and so on are chosen to form the training set �.
Figure 5 shows 9 typical segments in the training
set �.
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Fig. 5 9 typical segments chosen from the training set. The blue pluses are training points in the segments. The red lines
represent the terrains in the segments with the learnt parameters (σ 2

f = 0.0528, σ 2
n = 0.0012, a = 6.2978)

3.4 Segmentation of Obstacle Points Based
on Ground

Having labelled all points of a scan, both the
obstacles such as vehicles, pedestrians, stumps on
the road and the overhanging structures such as
tree canopy and wires are classified as obstacles
that an ALV cannot travel across. This is a typical
under-segmentation problem. However, with the
method in this paper, it can be easily solved. Since
local path planning of our ALV only depends on
a 2.5D grid map, we map the 3D obstacle points
in the polar grid map into the grid map with a
resolution of 0.2 meter (the reason we use 0.2
meter is that the width of the tyres of our ALV is
about 0.2 meter). Symbol Pij is used to represent
the set of the obstacle points that are mapped into
the grid cell cij.

Pij =
{

pk|i ≤ xk

0.2
< i + 1 ∩ j ≤ yk

0.2
< j

+1 ∩ pk ∈ obs
}

, (17)

where xk, yk are the x coordinate and y coordinate
of point pk in the vehicle’s local coordinate sys-
tem, correspondingly, and the label of the point is

obstacle. For all points in Pij, we sort them from
low to high according to their relative heights with
the ground. For any two adjacent points pm, pn

in Pij, zm, zn are their relative heights with the
ground, respectively. If zm is greater than zn, and
the distance |zm − zn| is above a given threshold
T, |zm − zn| > T, then the points whose relative
heights are equal or larger than zm in Pij are over-
hanging points. The other points are real obstacle
points. The threshold T is chosen in terms of the
height of our ALV, T = 1.8 m.

4 Experimental Evaluation and Analysis

The goal of the experimental evaluation is to
demonstrate the usefulness of the ground seg-
mentation algorithm proposed in Section 3.2. In
order to evaluate the real-time performance and
the accuracy of the algorithm proposed in this
paper, two other algorithms proposed in [5, 13]
are adopted to be compared with. We implement
them in C++ as well as the point cloud library
(PCL) [25], and conduct several contrastive ex-
periments both in urban and countryside environ-
ments. Our experimental platform is a modified
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Fig. 6 Our ALV used for the experimentsin various en-
vironments. It is equipped with some cameras, lasers, and
positioning sensor for perception

Toyota Land Cruiser, as shown in Fig. 6, equipped
with a Velodyne HDL-64E S2, Three SICK LMS
291, and a NovAtel SPAN-CPT GPS-aided iner-
tial navigation system (INS). The Velodyne laser
scanner rotates with a speed of 10 HZ. Thus, every
scan contains up to 0.13 million points. At the
same time, in order to evaluate their accuracy
intuitively, a quantitative performance evaluation
is conducted on the dataset provided in [16]. In
all the experiments, we use a notebook computer
with an Intel P8600 CPU with 2.4 GHz using
double cores and 2 GB main memory.

Our algorithm and the algorithm in [13] are
both based on the polar grid map. In the process
of constructing the polar grid map of diameter
100 meters, we set the segment size M = 180.
Every segment is divided into 160 bins, N = 160.
To simplify computation, the range that the bins
that are close to the LIDAR within 20 meters
cover is about 0.2 meter along radial direction and
the others cover about 0.5 meter along the radial
direction. The algorithm in [5] is based on the
three-dimensional grid map, while in this paper,
the grid map covers an area of 100 by 100 meters
with the horizontal resolution of 0.4 meter and the
vertical resolution of 0.2 meter.1 The content of
every grid cell is the 3D mean of the points in it.

1Seemingly, the grid map is larger than the polar grid
map. However, the data from LIDAR samples the ground
unevenly, quickly becoming sparse at longer ranges. Thus,
the number of points in a grid map is only a litter larger
than that in a polar grid map. According to our statistics,

In order to increase the computational efficiency,
the data compression is performed that the data
are decimated by keeping 1 in every 30 of the grid
means.

4.1 Runtime

As the algorithm is applied to the ALV, the real-
time performance of the ground segmentation
algorithm is our focus. We have evaluated the
proposed algorithm online for numerous scans
acquired while autonomously driving in the city of
Ordos. The route is in a complex suburban envi-
ronment that contains some uphill roads, downhill
roads, flat roads and so on, as shown in Fig. 7. The
algorithms in [5, 13] are also implemented off-line
using the same scans. Figure 8 shows the results of
these algorithms.

Most of the time, with an average of 74.93 ms
per scan, our algorithm performs in real time. But,
in Interval A, the runtime of every scan is larger
than 100 ms. That is because the ALV locates in a
large open territory (as shown in Fig. 7) and the
ground on the right of ALV is uphill. In these
corresponding segments of the polar grid map,
the iterative times (lines 6–11 in Algorithm 1)
increase, so does the time. The same phenomenon
happens to the algorithm in [5]. From Fig. 8, one
can find that our algorithm is slower than the
algorithm in [13] with an average of 35.12 ms
per scan, while it is also much faster than the
algorithm in [5] with an average of 678.77 ms per
scan. Even though, our algorithm can get a real-
time performance, because the refresh rate of the
scan is 100 ms per scan.

4.2 Accuracy

The dataset provided in [16] contains ten labelled
scans of street scenes collected in an urban area
in Boston. Each point has a label such as ground,
car, house and so on. We only focus on two
kinds of laser points: ground points and obstacle
points in this paper. All the non-ground points
(the laser points that belong to car, house, person,

the number of points in the grid map is only 0.52 % more
than that in the polar grid map.
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Fig. 7 The global
planned map in the city of
Ordos acquired from the
position sensor (INS)

tree, street sign, fence and other) are gathered
into the obstacle class. All ten scans of the laser
points are mapped into the polar grid map with
diameter of 100 meters and the three-dimensional
grid map that covers an area of 100 by 100 meters,
respectively. The results of ground segmentation
are detailed in Table 1. All the algorithms can get
good performances. That is because these scans
are collected in the urban streets where the ter-
rains are very flat (some scans where the terrains
are rough will be shown in the next subsection).
Our algorithm can achieve an accuracy of 0.9767,
which is 1.16 % higher than the algorithm in [13],
but 0.17 % lower than the one in [5]. As known,
it can be a disaster for an ALV to misclassify
the non-ground points as ground, because this

will easily result in a collision with the obstacle.
From Table 1, one can see that our algorithm
misclassifies the least obstacle points as ground.
Thus, our algorithm is the safest one among the
three algorithms, to some extent.

4.3 Segmentation in Various Environments

In order to evaluate the usefulness of the pro-
posed algorithm to our ALV, these algorithms
are compared by many scans acquired from some
urban and countryside environments. Example
results are shown in Figs. 9, 10, 11, and 12, which
show both the ground segmentation results and
the ground surfaces obtained using these algo-
rithms. These scenes include a highway with some

Fig. 8 Runtime of our
algorithm (blue)
compared to that of [13]
(red) and [5] (green) for
3200 scans acquired in the
city of Ordos
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Table 1 Confusion
matrix of the three
algorithms

traffic, a field road with some road-blocks and two
campus roads with a steep slope and a T-junction,
respectively. In our implementation, the para-
meters in our algorithm are set to σ 2

n = 0.0012,

σ 2
f = 0.0528, a = 6.2978, Tmodel = 0.04, Tdata = 3,

Tr = 0.3. These parameters are learnt by maxi-
mizing the pseudo log marginal likelihood in
Section 3.3.

Figures 9–12 show some results of the proposed
ground segmentation algorithm in four different
scenes compared to those obtained with the algo-
rithms in [13] and [5], respectively. Every figure
contains two columns: the left column shows the
segmentation results of our algorithm, the algo-
rithm in [5], and the algorithm in [13], while the
other column shows the ground surfaces obtained
with the corresponding algorithms. In the left col-
umn of the figures, the yellow, red, green points
represent the ground, obstacles and overhanging
structures, respectively. Since the algorithms in
this paper and [13] are based on the polar grid
maps that have been partitioned into many seg-
ments, we can only build a local ground model
in every segment. The global ground surfaces ob-
tained with our algorithm and the algorithm in
[13] are simply made up by (the combination of)
all the local ground models in the segments.2

Figure 9 shows a highway scene with a vehi-
cle, a cyclist and a pedestrian. The left column
shows the segmentation results of the algorithms,
while the right one shows the ground surfaces
in the scene obtained using the corresponding

2The detailed procedure is as follows: A look-up table
between the grid cells in the grid map and the bins in the
polar grid map is established. The reference ground height
in every bin can be calculated with the local ground model
in the corresponding segment. Through the look-up table,
the reference ground height in every grid cell in the grid
map can be obtained. All the reference ground heights
in the grid cells make up the global ground surface. Note
that there is not a specific formula about the global ground
model in this paper.

algorithms. Our algorithm (as shown in Fig. 9a)
and the algorithm in [5] (as shown in Fig. 9b)
can get good performances, while some ground
points (the red points in the blue quadrangle) are
misclassified as obstacles by the algorithm in [13]
(as shown in Fig. 9c). That is because the vehicle
occludes with some ground points, which violates
smooth transitions between pairs of successive
lines (In [13], the ground is represented by lines
in every segment). The ground surface obtained
using the algorithm in [13] is shown in the right
image of Fig. 9c. The flat ground surface in the
red quadrangle is misclassified as a bump, which
is higher than the ground surface around. Thus,
the real ground points in the red quadrangle are
misclassified as negative obstacles.

Figure 10 shows a campus scene with an 8.7 %
slope. Our algorithm and the algorithm in [5]
classify the slope accurately, as shown in the left
column, while the algorithm in [13] cannot (the
red and green points in the blue quadrangle of the
left image of Fig. 10c). That is because the root
mean squared error of the line fitting for such a
steep slope exceeds a predefined threshold. The
algorithm in this paper can accumulate the points
on the slope as the seeds through the iterations
as shown in Fig. 4. Thus, the local ground in
every segment can be modelled accurately. The
similar iterative processes are implemented in the
algorithm in [5] too.

Nevertheless, there are also some differences
between our algorithm and the algorithm in [5].
Comparing the ground surfaces in Fig. 10a and b,
one can find that the ground surface in Region
A is classified as a flat ground in Fig. 10a while
Region A is classified as a slope in Fig. 10b. The
main reason is the difference of the distribution
of the ground seeds. There are no laser returns in
the corresponding Region A (Quad. A) in the left
image of Fig. 10b. Our algorithm divides Region
A into many segments and gets the local ground
models in the segments. Only the seeds, which
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Fig. 9 Our segmentation result in (a) of a highway scene,
with a vehicle, a cyclist and a pedestrian, compared with the
results of the algorithms in [5] in (b), and [13] in (c). In the
left column of the figure, the ground points, obstacles, and

overhanging structures are colored yellow, red, and green
pixels, respectively. The right column shows the ground
surfaces obtained with the corresponding algorithms.
Figures 10, 11, 12 and 13 are the same

are on the flat ground in these segments, are
employed. When the global ground model is cal-
culated using the algorithm in [5], the seeds both
on the flat ground and the slope (the seeds on the
slope are found through the iterative processes)
can be employed to predict the ground surface
in Region A. The mean prediction (in Eq. 10)

of the height of the ground surface is a linear
combination of the heights of the seeds. Thus, our
algorithm classifies Region A as a flat ground,
while the algorithm in [5] classifies it to be a slope.

Figure 11 shows another campus scene with a
T-junction. Detecting a long range intersection
is very important to local path planning. The
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Fig. 10 Oursegmentation result in (a) of a campus scene with an 8.7 % slope, compared with the results of the algorithms in
[5] in (b), and [13] in (c)

algorithms in this paper and [5] can get good
performances (in Fig. 11a and b). That is because
these algorithms have seeds on the ground of
the intersection. However, the algorithm in [13]
recognizes the intersection as the obstacles as
shown in the blue quadrangles of the left image
of Fig. 11c, which makes the successive intersec-
tion detection impossible [2]. Compared with the

result of the algorithm in [5], our segmentation
result still has some defects. The stair steps are
classified as ground in the blue polygons B in the
left image of Fig. 11a.

Our algorithm is insensitive to the slowly rising
obstacles such as stair steps. Though the height
of each stair step is often less than 30 centime-
ters, it is an obstacle for the ALV in an urban
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Fig. 11 Oursegmentation result in (a) of a campus scene with a T-junction in front of the ALV, compared with the results
of the algorithms in [5] in (b), and [13] in (c)

environment. In the segments, which contain the
obstacles like the stair steps, the minimum heights
in the bins increase gradually. Since there are only
a few seeds on the flat ground in each segment, our
algorithm may accumulate the points on the stair
steps as the seeds through the iterative processes.
The stair steps will be misclassified as ground

surface. Thus, the height of the ground surface in
the segment will increase (e.g., Region B shown
in the right image of Fig. 11a). The algorithm in
[5] can get a better result in this situation. That
is because it uses many seeds on the global flat
ground surface. The points on the stair steps can
hardly become the seeds through the iterative
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Fig. 12 Oursegmentation result in (a) of the countryside scene with some road-blocks, compared with the results of the
algorithms in [5] in (b), and [13] in (c)

processes in the algorithm in [5]. The predicted
ground surface, which is shown in the right image
of Fig. 11b, is very flat, and the stair steps are
classified as obstacles accurately.

The countryside scene is shown in Fig. 12.
There are many road-blocks in front of our ALV

which are put into type S on the flat ground
to form the curbs of the road. All the three al-
gorithms can separate the road-blocks from the
ground, because they all have the abilities to de-
scribe a flat road. However, as for a rough road,
they have different performances. The algorithm
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Fig. 13 Examples where the performances of our algo-
rithm are poor. The left image shows a campus scene with
a car, some persons, some trees and two stair steps (the
bottom stair step is 0.15 meter high and the other is 0.2
meter) that are in Quad. C, our algorithm misclassifies the

stair steps as ground, but segments the car, persons, trees
and overhanging structures accurately. In the right image,
our ALV locates at the intersection of a trunk road and a
countryside uphill road. The uphill road is misclassified as
obstacles in Quad. D

in [13] cannot adapt to a rough road, many ground
points are classified as obstacles (i.e. the red points
in the blue polygon in the left image of Fig. 12c).
That is because the rough ground surface makes
the root mean square error of the line fitting in
the segments large. As there are many seeds on
the flat ground, the algorithm in [5] can get a
flat ground surface. It can detect the negative
obstacles accurately, while misclassify the slowly
rising hillside as obstacles (as shown in the blue
quadrangle in the left image of Fig. 12b). Because
our algorithm is insensitive to the hillsides, it can
classify them as ground accurately.

From the right columns of Figs. 9–12, one
can see that the ground surface obtained by the
algorithm in [5] is the smoothest one, the sec-
ond is our algorithm, and the last is the algo-
rithm in [13]. In [5], the algorithm that is based
on two-dimensional Gaussian process regression
uses the seeds in the whole map to model the
global ground. Thus, it keeps the continuity of the
ground in the whole map. Our method models the
local ground in every segment. It only uses the
seeds in each segment. However, less seeds make
our algorithm insensitive to the stair steps and
hillsides, while less seeds also make our algorithm
get a real-time performance. Our algorithm can
only keep the continuity in each segment, not be-
tween the two adjacent segments. The algorithm
in [13] uses the line fitting method to model the
local ground in the segments. Only the relative
continuity in each segment can be kept. At the

same time, the occlusion and rough terrain will
greatly influence the results of the line fitting.

Figure 13 presents some examples where the
performances of our algorithm are poor to
demonstrate in which environment situations our
algorithm is ineffectiveness. In the left image of
Fig. 13, our algorithm misclassifies the stair steps
as ground (Region C in the left image), because
our algorithm divides the polar grid map into
many segments. Each segment contains only a few
seeds, which makes our algorithm insensitive to
the slowly rising obstacles, such as the stair steps.
Our algorithm will accumulate the points on the
stair steps as seeds to model the local ground
surface, and misclassify the stair steps as ground.
The other drawback of our algorithm is shown in
the right image of Fig. 13. Our ALV locates at
the intersection of a trunk road and a countryside
uphill road (a 12 % slope), and faces the uphill
road. As previously mentioned, we only choose
the points whose absolute heights are less than
0.3 meter within a fixed radius 30 meters of the
sensor as the initial seeds. However, in this scene,
the slope is so steep that there are no initial seeds
at all, which makes our algorithm of no avail.

Though our algorithm can be improved further,
it had been successfully used in our ALV, which
won the champion in the 2011 Chinese Future
Challenge that was hold in the city of Ordos,
China, where the ALV needed to finish the tasks
such as avoiding the static obstacles, merging into
vehicles, U-turns and so on. With the algorithm
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in this paper and path planning algorithm in [27],
our ALV finished the route of ten kilometers au-
tonomously in the urban environment of Ordos in
twenty minutes, without any human intervention.

5 Conclusion and Future Work

This paper presents a novel real-time ground seg-
mentation algorithm for an ALV, which com-
bines the advantages of the both algorithms in [5]
and [13]. The algorithm splits the complex two-
dimensional ground segmentation problem into
many one-dimensional regression problems to in-
crease the computational efficiency, and keeps the
continuity of the ground in every segment. It can
get a better accuracy compared with the algorithm
in [13] and the real-time performance compared
with the algorithm in [5]. Our algorithm is useful
to the successive object classification and local
path planning in real time.

In the future, we will investigate how to keep
the continuity between the adjacent segments
based on the algorithm in this paper. Also, we
will bring in the direction of the normal at each
point when choosing the initial seeds, because
the normal of the ground is nearly upward in an
urban environment. If the normal of a point is
not upward, it will not be chosen as an initial
seed. This approach may increase the accuracy
and robustness of our algorithm, to some extent.
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