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For an autonomous mobile robot, an important task to accomplish while maneuvering in
outdoor rugged environments is terrain traversability analyzing. Due to the large variety of
terrain, a general representation cannot be obtained a priori. Thus, the ability to determine
the traversability based on the vehicle motion information and its environments is necessary,
and more likely to enable access to interesting sites while insuring the soundness and stability
of the mobile robot. We introduce a novel method which can predict motion information
based on extracted image features from outdoor university campus environments, to finally
estimate the traversability of terrains. A wheeled mobile robot equipped with an optical
sensor and an acceleration sensor was used to conduct experiments.
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Introduction
Camera

Autonomous mobile robot has been investigated for more
than 25 years. Scientists aimed to reduce human monitoring
and maintenance by turning mobile robots into intelligent machines, able to identify features, learn from experience, build
maps, take decisions based on the surrounding environment
and navigate autonomously [1]. Unmanned ground vehicles
have proved eﬀective autonomous operations in miscellaneous
environments configuration as desert, farms, and urban environments [2] [3] [4]. Perception of both indoor and outdoor
environments diﬀers, since they are fundamentally diﬀerent
in nature, thus navigation challenges diﬀer. When navigating
in rugged territories, assessing the traversability of a terrain
is a key feature of any unmanned ground vehicle [5]. Diﬀerent characteristics related to the terrain can be employed to
depict the traversability including texture, geometry, and/or
characteristics related to the vehicle, energy required to cross
a terrain, or instability issues [6]. The objective is to reduce
at most encountering situations where the platform’s safety
and stability may be endangered. In some extreme environments, such as on Mars, terrain deformation can be caused
due to robot force and weight, which will influence its attitude
and configuration [7]. Same case scenario can be witnessed in
sandy terrains, when strong wheel slip lead the wheels to sink
in the ground [8].
Terrain traversability estimation has been addressed by a
ruled-based fuzzy traversability index to quantify the ease of
travel of a terrain by a mobile robot, which is based on realtime measurements of terrain characteristics retrieved from
image data [9]. In their algorithm the four key terrain characteristics were the terrain roughness, slope, discontinuity, and
hardness. The four terrain characteristics are combined using
fuzzy rules to produce a traversability index that quantifies the
ease of travel over the terrain. This index too is expressed as a
linguistic fuzzy value, which categorizes the risk of traversability as high, medium and low. In this approach, the type of
terrain was not identified. Also, since the initial terrain parameters were obtained from vision sensors, changes in illumination may cause incorrect classifications. This system is more
likely for obstacle avoidance than terrain evaluation. Terrain
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Fig.1 Mobile Robot Pionner 3-AT

parameter identification via wheel terrain interaction analysis
has been investigated by Iagnema et al. [10]. The problem has
been tackled by determining the soil shear strength from two
key terrain parameters; cohesion of the soil and internal friction angle. These parameters were estimated online using a
simplified form of classical terramechanics equations. Finally
using Coulomb’s equation, these two parameters were combined to give the shear strength of the soil. This algorithm
has limitations related to sensor noise, also not explicitly distinguishing terrain type.
In this paper, we propose to demonstrate the possibility of
correlation between exteroceptive and proprioceptive information. The objective is to be able to predict from images of the
terrain run on, running motion information. The latter will
allow to identify terrain type, and thus trigger safety measures
if the terrain appears to endanger robot safety and stability.
Our test vehicle, a four wheeled mobile robot, shown by Fig.
1 has an acceleration sensor and a camera mounted on. The
vertical acceleration, which is representative of the vibration
the robot undergoes is acquired, at the same time the camera
captures a still image of the terrain. Features extracted from
still images and acceleration signal will be treated as terrain
signature, and used to demonstrate a correlation by applying
Canonical Correlation Analysis (CCA) framework.
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Fig.2 The Shmid filter bank is rotationally invariant and
had 13 isotropic, ”Gabor-Like” filters
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2.1

Analysis of correlation between
motion and image features

min

k=1,··· ,K

ak ,

(2)

where az is the vertical acceleration signal, and y ∈ R is the
distance between maximum and minimum amplitudes.
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X = [x1 ...xN ] ∈ R13×N ,

(3)

Y = [y1 ...yN ] ∈ R

(4)

1×N

Correlation analysis

As mentioned above, our goal is to highlight a potential correspondence between image and acceleration features. If any
relationship is established, it will be easy to predict running
information of the robot from image features. For this CCA
is used.
CCA allows to compare two groups of quantitative variables, to determine if they describe a common phenomenon.
Let xi , i = 1, · · · , N denote image feature vector for the i-th
terrain sample, and yi , i = 1, · · · , N acceleration feature vector of the same sample, where N represents the number of
samples. By re-arranging the data above, matrices are built
as follows:

.

Then, CCA is applied to the above matrices, and coeﬃcients
a ∈ R13 and b ∈ R are computed by maximizing ρ(a, b), which
is expressed as follows:
ρ(a, b) = √

a⊤ SXY b
.
√
a⊤ SXX a bSYY b

(5)

1 ⊤
1 ⊤
1 ⊤
X̃ X, SYY = Ỹ Y, and SXY = X̃ Y are
N
N
N
covariance matrices. X̃ and Ỹ are as follows:

SXX =

X̃ = [x1 − x̄ . . . xN − x̄],
Ỹ = [y1 − ȳ . . . yN − ȳ],
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Let ak , t = 1, · · · , K denote the vertical acceleration signal at time step k, where K denotes total time steps for one
sequence of a run. Acceleration feature y is calculated by
ak −
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Fig.3 Correspondence between image features and acceleration signal in the (U,V) space

Extraction of motion features

max
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U: Image features

where τ is the number of cycles of the harmonic function
within the Gaussian envelope of the filter, σ is the filter scales,
r is the distance between a pixel and the origin of the filter,
and F0 (σ, τ ) is added to obtain a zero DC component.
First, before applying the filter bank, all images are converted to gray scale, and are normalized to have zero mean
and unit standard deviation. This normalization gives partial
invariance to linear transformations in the illuminations conditions of the images. Note that, only the region where the
robot runs is considered, and thus cropped from the original
image as shown by Fig. 4, Fig. 5, and Fig. 6.
Second, all filters of the Shmid filter bank are normalized so
that the filter responses lie approximately in the same range.
Every filter is convolved with the cropped region, which means
that every pixel I(i, j) will have 13 filter responses. Those responses are averaged over all the pixels in the cropped region
to form the image feature vector x, with x ∈ R13 .

k=1,··· ,K
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Extraction of image features
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Image features are extracted using the Shmid filter bank
[11] shown by Fig. 2, which consists of 13 rotationally filters
described by
( πτ r )
2
− r
e 2σ2 ,
(1)
F (r, σ, τ ) = F0 (σ, τ ) + cos
σ

2.2

V: Acceleration signal
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3.1

x̄ =

ȳ =

N
1 ∑
xi ,
N i=1

N
1 ∑
yi .
N i=1

(6)

(7)

Experiment

Experimental conditions

Images were gathered with the Logicool Pro C910 with a
size of 1944 × 2592 pixels. As mentioned in subsection 2.1,
a region with a size of 300 × 400 pixels was cropped from all
images. Our acceleration sensor records information with a
sampling period equals to 10 ms. Note that for each terrain,
10 acceleration sequences were recorded and averaged before
building motion feature vector as described in subsection 2.2.
In our case, 30 diﬀerent environments have been tested. the
(σ, τ ) pair for generating the filter bank takes values (2,1),
(4,1), (4,2), (6,1), (6,2), (6,3), (8,1), (8,2), (8,3), (10,1), (10,2),
(10,3), and (10,4).

3.2

Results and discussion

By computing CCA over all data set, a correlation coeﬃcient r equals to 0.579 was obtained. The results are given by
Fig. 3.
Let us consider the data points resented by a red star.
As we can see, a high value for image features i.e. texture
information of the terrain correspond to a high value for acceleration features representative of the vertical vibration that
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Fig.4 Rough natural terrain

Fig.6 Rigid artificial terrain

the fact that for some cases, image feature which are richer in
information, in this case texture, are not so representative of
mobile robot running information, and vise versa. In addition,
amount of data for training should be increased.
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