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Abstract
In the context of road vehicles, knowledge of
terrain types is useful for improving passenger
safety and comfort. This paper presents a method
for terrain classification based on multiple
sensors including an accelerometer, wheel
encoders and a camera. The vertical
accelerations and the speed of the vehicle
together with a dynamic vehicle model are used
to predict the road profile. Features extracted
from the road profile are fused with image
features to produce a speed invariant feature set.
A supervised learning algorithm based on Neural
network (NN) is used to classify different road
types. Experiments carried out on an
instrumented road vehicle (CRUISE), by
manually driving on a variety of road types at
different speeds are presented to demonstrate
that the fusion of multiple sensory cues can
significantly improve the road type classification
accuracy.

1 Introduction
Road type classification based on on-board sensors can
provide important, sometimes crucial information about
safety, fuel efficiency and passenger comfort. It may
allow us to calculate various physical quantities including
friction coefficients, slip angles and vehicle handling

characteristics [Iagnemma, 2004]. These quantities may then
be used in automatic gear changing for optimal fuel
efficiency, traction control systems, active and semi active
suspension systems and anti-lock braking systems [Ward,
2009]. Further, the terrain classification methods can be
used in autonomous robots for avoiding dangerous paths
[Weiss, 2008]. Therefore, estimation of road surface
parameters is of interest in many mobile vehicle
applications.
Terrain classification methods for planetary
rovers [Brooks, 2005] and small sized mobile robots
[Komma, 2009] have been extensively studied in the past.
Algorithms based on various sensory modules, such as
laser range finders, cameras, accelerometers and wheel
encoders have been reported.
Wurn et al [Wurm, 2009] used a laser range
finder to identify vegetation on structured environments.
The method is based on laser remission values. A support
vector machines classifier is used. The method was only
tested for low grass-like vegetation using a small robotic
platform. Hsiao et al [Hsiao, 2009] and Helmick et al
[Helmick, 2009] use images from cameras pointing down
for road type classification. The images were analysed to
identify potholes and ruts and to distinguish different road
types. However, the stability of this method is affected by
some specific scenarios such as cobblestones covered by
snow or changes in the illumination of the background.
Weiss et al [Weiss, 2007] used a vertically mounted
accelerometer on the platform, RWI ATRV-Jr to classify
some indoor and outdoor terrain types. Then the study
was extended to use an accelerometer and a camera for
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improved terrain type classification [Weiss, 2008].
This paper focuses on road vehicles that have a
suspension system and pneumatic tyres. These also
operate at a broad range of speeds. Therefore, the
algorithms discussed above that have been developed for
low-speed robots with rigid wheels are not suitable due to
inherent properties of pneumatic tyres absorbing high
frequency noise components and dynamic effects at
broader speed ranges.
One promising approach that has been used in
road vehicles operating at high speeds is given in [Ward,
2009]. In this work, the road type classification is based
on information from a vertically mounted accelerometer
and is claimed to be speed independent.. The vehicle
model along with accelerometer and speed data were used
for estimating a road profile, which was then used for
extracting speed independent features. It has been tested
on real road scenarios with promising results. However,
the model has a low pass effect suppressing high
frequency components. This makes it difficult for the
system to classify different fine terrain types such as
asphalt and concrete.
We propose to use multi-sensor based approach
as a solution. An accelerometer is mounted on a single
suspension to measure vibration data, while a camera is
capturing visual images of the terrain. The speed of the
vehicle is estimated by the wheel encoders of the anti-lock
braking system (ABS). Once the features from the data
are extracted, a Neural Network based classifier is used
for terrain classification.
The paper is arranged as follows. Section 2
describes the road profile estimation procedure. Feature
extraction methodology is presented in Section 3. Section
4 describes the classification algorithm and in Section 5
experimental results are presented. Section 6 concludes
the paper indicating future directions of the research.

2 Road Profile Estimation
2.1

Then, the quarter vehicle model can be given as
[Wong, 2008]:
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The transfer function of unsprung mass vertical
velocity to road profiles is given by [Ward, 2009]:
vu′ (s) ms Bt s5 + (ms Kt + Bs Bt )s 4 + ( Bt Ks + Bs Kt )s3 + K s Kt s 2
=
y( s)
ms mus s 4 + (ms Bs + ms Bt + mus Bs ) s3
+(ms Ks + ms Kt + Bs Bt + mus K s + Bs2 − Bs2 mus / ms )s 2
+( Bs K s + Bs Kt + Bt K s − Bs Ks mus / ms )s + K s Kt

(2)

Table I defines the parameters for of one quarter
car model of the CRUISE, which is our experimental
vehicle. In this model the tyre and suspension act as a
band pass filter. The model assumes a point contact
between the terrain and the tyre, which is not necessarily
true in practice due to the deformations. This model
suppresses features with long wave lengths, such as hills.
Although, it was expected to obtain speed independent
data (features of estimated road profile), the reality
became the converse. This could be attributed to the
model used. The model has a diminished effect on high
frequency features leading to difficulty in classification of
some road types including asphalt and pavement [Ward,
2009]. However, it can be used to estimate speed
independent features as described in the next section.

Vehicle Model

TABLE I

The standard quarter car model [Wong, 2008] is used in
this paper. As shown in Fig.1, it consists of one quarter of
the mass of the vehicle body, ms (sprung mass), and its
vertical velocity, vs, mass of a single wheel and associated
suspension parts, mus (unsprung mass), and its vertical
velocity, vu. The suspension is modelled as a spring and a
damper with parameters of Ks and Bs. The pneumatic tyre
made out of rubber is modelled as a spring damper system
with parameters of Kt, and Bt. In addition, Ds, Du are the
compression lengths of the two springs.

Symb
ol
ms
mus
Ks
Kt
Bs
Bt

2.2

Fig. 1 The quarter car model of the experimental vehicle

Ks
ms

Quantity

Value and unit

Sprung mass of quarter
body of the vehicle
Unsprung mass of
quarter body of the
vehicle
Spring coefficient of the
suspension
Spring coefficient of the
tyre
damping coefficient of
the suspension
damping coefficient of
the tyre

500 kg
65 kg
80,000 N/m
200,000 N/m
3,500 kg/s
50 kg/s

Road Profile

The road profile is estimated based on the work presented
in [Ward, 2009]. Hall effect sensors that are part of the
ABS system were used to obtain vehicle speed.
Accelerometer mounted on the rear wheel axel was used
to measure vertical accelerations.
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Profile Decomposition
The road profile is divided into segments of Lv, which is
equivalent to the length of the vehicle. Considering the
road profile to be a time varying signal, Fourier transform
of each segment followed by power spectra is calculated.
This requires the start frequency, end frequency and
frequency step to be determined. Those were empirically
decided as 0 Hz to 150 Hz with 1 Hz interval, which led
to optimal classification rate in many prior tests. Then the
frequency components of each segment are arranged as in
(4) to form the matrix Y [Ward, 2009]. In this matrix,
every column refers to a segment of the road (an Lv long
segment) while every row represents the features
(frequency components) extracted using the above
procedure.

Road Profile
Fig. 2 the flow chart of data processing
As shown in Fig. 2, accelerometer data was preprocessed to remove spurious values and high frequency
noise using a low pass filter with the cut-off frequency of
150Hz. The wheel encoder data was processed to estimate
the speed of the vehicle. Because of the limitation of
Microcontroller’s hardware acts as a counter of waves
from encoders, the speed has a sampling rate of 10Hz.
Meanwhile, the accelerometer data was sampled at 1 kHz.
In order to estimate the road profile the speed data was
interpolated to have similar sampling rate as acceleration
data.
Equation (2) can be re-written in time domain
with the parameters in Table I as [Ward, 2009],
y (t ) = [ 435cos(12.16t ) acc (t ) + 14.82sin(12.16t ) ]

(3)

/(199652 × 10 ) + 2560728983acc(t ) /(1996520000 × 10 4000t )
+0.02acc (t ) + t ⋅ acc(t )
3.5 t

Then given vertical acceleration, the vertical
displacement of the road profile can be estimated. This
along with the integrated speed of the vehicle defines the
road profile.

3
3.1

Road Feature Extraction
Accelerometer Data

Road Profile
Although the accelerometer and speed data are sampled at
constant sampling rates, x-axis of the road profile does
not reflect a constant sampling rate, due to the variations
of vehicle speed. When the speed is slow, the road profile
samples are closely spaced and at higher speeds they are
sparsely spaced. Extracting features in such a profile is
cumbersome and requires the x-axis of the profile to be
sampled evenly. One way to handle this problem is to
interpolate the data at constant intervals but literature
[Press, 2007] suggested that this is not adequate. Lomb’s
method [Lomb, 1976] uses a periodogram approach by
fitting sines and cosines to the road profile in a least
square framework to obtain the power contributed by each
frequency component. The correlations in between
heights of any two frequency components in the
periodogram are used to reduce the distortions in the

⎡ ys1 , f1
⎢
Y =⎢ #
⎢ ys , f
⎣ 1 m

...
%
...

ysn , f1 ⎤
⎥
# ⎥
ysn , f m ⎥⎦

(4)

After normalization of each column of Y to values
of [0, 1], Principal Component Analysis (PCA) is used to
reduce the dimensionality of the feature matrix and get the
most useful variables [Golub, 1996]. PCA transforms a
number of possibly correlated variables into a smaller
number of uncorrelated variables which are called
principal components. The numbers of principal
components that need to be used in a classifier depends on
the applications. In our case, we have tested different
number of PCA components within a Neural Network
classifier and identified that using 62 PCA components
provide a compromise between computational cost and
accuracy.

3.2

Image Data

A firewire camera looking down the road was used to
capture images using an onboard PC104 computer. All the
data including camera images, accelerometer data and
speed data were synchronized via Ethernet. Image feature
extraction was carried out as follows.
Texture
Texture was computed based on Grey-Level Cooccurrence Matrix (GLCM) [Haralick, 1973]. GLCM
calculates how often a pixel with the intensity (grey-level)
value i occurs in a specific spatial relationship to a pixel
with the value j. The spatial relationship is defined as the
pixel of interest and the pixel to its immediate right
(horizontally adjacent) and other spatial relationships
between these two pixels can be specified.
Image Histogram
Grey level image histogram [Gonzalez, 2002] was used to
capture the intensity profile of the scene. The colour
images captured by the camera were first converted to
grey level image before determining the image histogram.
Texture and Image histogram features were
combined to generate the image feature matrix.
Dimensionality reduction was then carried out using PCA.
Empirical evaluations led to the selection of 14
dimensions.
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3.3

Combining Road Profile Data with Image
Data

As can be seen in Fig. 3, the camera was mounted at the
back of the vehicle, which is 1.2m away from the
accelerometer mounted wheel. Signals collected were
shifted in time to ensure that the images and the
accelerations refer to the same point on the road surface.

Optical
Isolator

ABS
(4 wheels)

Accelero
-meter

Micro
-controller

No. 1
PC104

AD Board

Camera

No. 2
PC104

Fig. 5 The hardware structure of system

Fig. 3 the vehicle with back mounted camera
The features extracted from the accelerometer
and image data were normalized and concatenated in the
matrix (4). Then PCA was used for dimensionality
reduction, which lead to a final dimension of 120.

4

Classification

We used a freely available, highly accepted machine
learning tool kit, WEKA [Bouckaert, 2010] for
classification. The Neural Network classifier out
performed other classifiers including Support Vector
Machines (SVM). This is inline with the literature, where
the Neural Network classifier has proven better
classification results for road type classification [Decatur,
1989], which is based on the classical Bayes optimal
classifier. It has the advantages of simplicity and
robustness to noise.

5
5.1

Experimental Results
Platform

As shown in Fig. 5, analog signal of the
accelerometer (LCF-200, range ±50g) is digitized by a
PCI Data Acquisition Card (16-bit resolution at 1 kHz
sampling frequency). The wheel encoders used for the
Anti-lock Breaking Systems (ABS) are tapped through an
optical isolator, interfaced with a PIC Microcontroller for
digitizing. The Microcontroller is connected to No.1
PC104 via RS-232 interface with a sampling frequency of
100 Hz. The downward pointed camera captures the
images at a frame rate of 15 FPS connected to the No. 2
PC104 through a firewire interface. The two computers
are synchronized via Ethernet.

5.2

Environment

The experiment was performed in a fine day with average
summer temperature and humidity in an urban area of
Sydney, Australia. CRUISE was driven on four types of
roads, namely asphalt (a), concrete (b), grass (c), and
gravel (d) (as shown in Fig. 6) at different speeds while
capturing data. Considering driving safety and practical
requirement, the data was logged when the vehicle was
driven on asphalt and concrete road at speed of 20-50
km/h, grass road at speed of 10-20 km/h, gravel road at
speed of 10-30 km/h, respectively. Critical vibration was
felt by the passengers in the vehicle while CRUISE was
running on grass road over 20km/h speed, which was
apparently not comfortable or safe for human and the
vehicle with the equipment. At least two people were
required for the purpose, one for driving while the other
was attending to data logging.

Fig. 4 CRUISE: the experimental vehicle
An experimental test bed, CRUISE: Cas Research Ute for
Intelligence, Safety and Exploration (Fig. 4), developed
in-house was used for experimentation. CRUISE is
equipped with range of sensors, including GPS, cameras
and laser scanners. Number of computers mounted in the
back tray, connected via Ethernet, are used for data
collection and logging. A separate battery bank provides
the required power. The accelerometer is mounted on the
back right side suspension, whereas the camera used for
this study is mounted on the back of the truck pointing to
the ground as shown in Figure 3.
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(a) Asphalt

(c) Grass

(b) Concrete

(d) Gravel

Fig. 6 Four types of road surfaces
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5.3

Experimental results

TABLE II

Vibration Data Preparation
The data acquired in four different road types with
previously given speeds were processed to generate road
profile features. Fast Fourier Transform (FFT) was used
for the purpose.

Asphalt
Concrete
Grass
Gravel

Asphalt

Concrete

Grass

Gravel

68%
30%
4%
10%

20%
61%
2%
4%

4%
3%
76%
25%

8%
6%
18%
61%

Average

67%

Image based Classification
Image based classification results are presented in Table
III. As expected, the image features could pick up
differences in road textures providing better classification
accuracies than that of vibration data (Table II).
TABLE III
(a) Asphalt

(b) Concrete
Asphalt
Concrete
Grass
Gravel

Asphalt

Concrete

Grass

Gravel

88%
1%
8%
0%

4%
97%
3%
4%

7%
0%
72%
0%

1%
2%
17%
96%

Average

(c) Grass

(d) Gravel

Fig. 7 Spatial features of different road types
In Fig. 7, x, y and z axes refer to spatial
frequency, index number of samples, and power spectral
density at every 1 Hz of spatial frequency respectively. As
can be seen in the plots, the power spectral densities
scatter at different frequencies.
Vibration Data based Classification
With the limited number of samples that we posses for the
machine learning computation, the K-fold crossvalidation is employed. The classes were trained based on
all four types of data and tested individually. The
classification results are given in Table II.
As can be seen in Table II, there are significant
classification ambiguities between asphalt/concrete and
grass/gravel. For an example, Asphalt roads have been
classified as 68% - asphalt, 20% - concrete, 4% - grass
and 8% - gravel (first row of Table II). This can be
explained by analysing the Fig. 8 (a) and (b), where the
power spectral densities of asphalt and concrete are
mainly concentrated in 2-6 Hz frequency ranges with
similar features. Third row of Table II shows that the
grass roads are classified as 4% - asphalt, 2% - concrete,
76% - grass and 18% gravel. Grass and gravel roads seem
to have similar PSDs (Fig, 8 (c) and (d)) contributing to
this ambiguities. Therefore, vibration based data alone
may not be able to differentiate roads with quite similar
road surface roughness.

88%

However, the images can be affected adversely
by environment lighting conditions and motion blur at
higher speed, which can lead to reliability issues. As an
example, driving along the same road environment in
different time of the day can cause the shadows of the
vehicle and other road structures to appear differently
causing less reliable classification results. Further, the
road type is not only dependent on the appearance but
also dependent on the internal structure, which cannot be
observed by the image sensors. However, the
accelerometers may pick them as the vibrations can differ.
Therefore, both accelerometers and image sensors have
their own pros and cons suggesting an obvious solution of
using both the sensor modalities.
Vibration Data and Image based Classification
The normalized road profile features and image features
were combined to generate feature matrix. These features
were then classified based on Neural Network classifier.
Table IV shows the classification results.
TABLE IV
Asphalt
Concrete
Grass
Gravel
Average

Asphalt

Concrete

Grass

Gravel

91%
1%
4%
0%

2%
98%
0%
4%

3%
0%
73%
0%

4%
1%
23%
96%

90%

As shown in Table IV, the overall classification
results ascend slightly to 90%. This shows that both
vibration and image data contributed to improved
classification results.
Figure 9 shows the online classification results
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based on re-running the logged data. The vibration, speed
and image data were stitched together to simulate a
continuous road transitioning from asphalt, concrete,
gravel to grass. In Fig. 9 actual road types are represented
by a continuous blue line. The red crosses refer to the
misclassification. It could be seen from the figure that
there are misclassifications scattered in various parts of
the road segments. Some of them are due to vibration
ambiguities whilst the others are due to poor quality of
images. As can be seen in Fig. 10, images can be
corrupted due to over/under exposure or motion blur.
Specifically, the higher misclassification rates reported in
the rectangular area identified in Fig. 9 were due to
corrupted images such as the ones shown in Fig 8 (d) and
(e). These misclassifications may be overcome by
introducing a pre-processing step to identify image blurs,
saturation and under exposure and excluding them in the
rest of the classification process.

(a) Asphalt
motion blur

–

(b) Asphalt –
different texture

(c) Concrete –
over exposure

(d)
Grass
motion blur

–

(e) Grass – over
exposure

(f) Gravel
motion blur

–

Fig. 8 Poor quality images

Fig. 9 Classification results
This shows the feasibility of classifying similar
types of roads as oppose to the common practice in the
literature of categorization of substantially dissimilar road
types.

5

Conclusion

In this paper, we have developed a multi-sensor fusion
based road type classification algorithm to solve the
segmentation problem. We have targeted road vehicles
rather than the common approach in the literature of small
scale robots such as planetary rovers. The vibration data

analysis which was published in [Helmick, 2009] had
poor classification results with Asphalt and Coarse
Concrete road types due to similarity in vibration effects.
Using images alone had good accuracies, but inherent
with image sensor based limitations such as susceptibility
to environment lighting conditions. Therefore a multisensor fusion based approach was proposed to improve
the classification accuracy as well as the reliability.
We are currently working on online implementation
and prediction of future road types based on multi-sensor
fusion algorithms.
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