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Abstract. The ability for ground vehicles to classify the terrain they
are traversing or have previously traversed is extremely important for
manoeuvrability. This is also beneﬁcial for remote sensing as this information can be used to enhance existing soil maps and geographic information system prediction accuracy. However, existing proprioceptive
terrain classiﬁcation methods require additional hardware and sometimes dedicated sensors to classify terrain, making the classiﬁcation process complex and costly to implement. This work investigates oﬄine
classiﬁcation of terrain using simple wheel slip estimations, enabling
the implementation of inexpensive terrain classiﬁcation. Experimental
results show that slip-based classiﬁers struggle to classify the terrain surfaces using wheel slip estimates alone. This paper proposes a new classiﬁcation method based on importance sampling, which uses position
estimates to address these limitations, while still allowing for location
independent terrain analysis. The proposed method is based on the use
of an ensemble of decision tree classiﬁers trained using position information and terrain class predictions sampled from weak, slip-based terrain
classiﬁers.
Keywords: Proprioceptive terrain classiﬁcation · Random forests
Importance sampling · Autonomous ground vehicles
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Introduction

Modern advancement in technology has exposed unmanned ground vehicles
(UGVs) to terrain surfaces varying from uneven, potentially loose terrain with
variable gradients in outdoor environments to indoor environments that are made
up of materials consisting of diﬀerent textures. For UGVs to adapt their driving
strategies and maximise their performance, they need to be able to detect the
terrain they are manoeuvring, classify it and then adjust their driving controls
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Fig. 1. Illustration of the terrain surfaces layout and the Packbot 510 UGV used for
experiments. The top part is the carpet, grass and rocks are on the sides, while the
surrounding area is the rubber.

to adapt to the type of terrain they are currently traversing. The ability for
ground vehicles to classify the terrain they are traversing or have previously traversed is also beneﬁcial for remote sensing [6], and the information can be used
to enhance existing soil maps [21] and geographic information system (GIS)
prediction accuracy [30].
Terrain classiﬁcation is the process of determining into which terrain class
category a speciﬁc terrain patch falls [10,18,23]. Commonly classiﬁed terrain
surfaces for outdoor environments include dirt, sand, clay, asphalt, grass and
gravel [22,29] while carpet, ceramic tiles and linoleum [14,26,29] are generally
considered in indoor environments.
Terrain classiﬁcation can be vision-based or through proprioception. Visionbased classiﬁcation uses visual features, such as colour, texture and shape,
obtained from sensors such as cameras and laser scanners [32]. Proprioceptive
classiﬁcation uses physical wheel-terrain interaction features that are extracted
from a vehicle’s sensors [5], and is sometimes also referred to as contact-based
terrain classiﬁcation [32].
A particularly interesting class of proprioceptive terrain classiﬁcation relies
on wheel-slip [11] and has been recommended as a simple and low-cost terrain
analysis technique. However, this work shows that terrain classiﬁcation using
slip measurements can be unreliable, and that models trained to classify terrain
using slip alone often suﬀer from over-ﬁtting when applied in new terrains.
This paper proposed a method of addressing this limitation through importance sampling, which introduces position estimation into the classiﬁcation process, while still allowing for location independent terrain classiﬁcation. Here, we
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use a weak, probabilistic slip-based classiﬁer to train an ensemble of classiﬁers
using position information, thereby producing a terrain classiﬁer conditioned
on both slip and position measurements. Importantly, this process means that
models do not need to be retrained for use in new locations.

2

Related Work

Proprioception for ground vehicles involves the sensing of the internal states of
a vehicle using onboard sensors such as wheel encoders, accelerometers and rate
traducers [17,25]. Proprioceptive classiﬁers typically use these sensor measurements directly to classify the terrain being traversed [10]. The two most common
proprioceptive terrain classiﬁcation methods are vibration-based classiﬁcation
and traction-based classiﬁcation.
Vibration-Based Terrain Classification. Vibration-based classiﬁcation classiﬁes terrain based on features extracted from vibrations induced by mechanically distinct terrains. The vibration features typically measured are characterised by the vertical, pitch and roll motions due to vertical wheel displacements
[8,9,12,13,29]. Vibration-based terrain classiﬁcation methods that use gyroscopes
to measure terrain vibrations have been identiﬁed as the best performing terrain
classiﬁer for proprioceptive classiﬁcation [23], when compared to accelerometer,
current, voltage, microphone, wheel encoders, infrared and ultrasonic range sensors. A disadvantage for vibration-based classiﬁcation is that its accuracy deteriorates at low speed due to the reduction of vibration amplitudes [4].
Traction-Based Terrain Classification. Traction-based classiﬁers use wheel
torque and sinkage measurements to determine the minimum traction exerted
at wheel-terrain interfaces and to label the terrain being traversed. Traction is a
vehicular propulsive force produced by friction between a wheel and terrain, and
since the frictional force produced depends on factors such as road conditions
and road surface this can be used to classify diﬀerent types of terrains [19,31].
Brooks and Iagnemma [5] use a set of predeﬁned thresholds of minimum traction
available at the wheel-terrain interface to classify terrain.
Wheel Slip-Based Terrain Classification. Wheel slip has previously been
proposed for proprioceptive terrain classiﬁcation, as it occurs as a result of wheel
terrain interaction. As UGVs traverse diﬀerent terrain surfaces, the wheel terrain
interaction creates a characteristic diﬀerence between actual and desired forward
and rotational velocity values. This characteristic diﬀerence is as a result of slip
that occurs as the wheels interacts with the terrain surface [11]. Wheel slip is
relatively easy to measure, and as a result, provides a simple mechanism for
terrain classiﬁcation. Rotational slip estimation for tracked mobile robots [7]
has been suggested as a feature for proprioceptive terrain classiﬁcation [20].
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Rotational slip estimation is an adaptive slip estimation approach that allows
left and right track slip to be computed using only rotational velocity measurements from a rate gyroscope. Here, a recursive least squares estimation process
is used to estimate states (1) and (2) using a sliding window of actual rotational
velocities and velocity commands [7].
φ1 =

s1 − s2
l

s1 + s2
2
These states are related to the velocities of interest using

(1)

φ2 = 1 −

(2)

ω a = φ 1 vd + φ 2 ω d

(3)

where ωa is the measured rotational velocity, vd is the commanded forward
velocity and ωd is the commanded rotational velocity. Slip estimates can be
solved for using (1) and (2), given the estimated states. This paper uses rotational
slip estimation for terrain classiﬁcation.
A number of machine learning methods have been applied to terrain classiﬁcation. Here, proprioceptive terrain measurements and associated terrain labels
are used to train predictive models of terrain [5,16,24,28]. However, these methods are vulnerable to over-ﬁtting to collection conditions, and this work shows
that machine learning terrain classiﬁcation can easily fail to generalise in new
locations. This paper shows how this limitation can be addressed using an importance sampling strategy.

3

Importance Sampling

Importance Sampling (IS) is a Monte Carlo sampling tool that is used to approximate a distribution when the only samples available are produced by a diﬀerent
distribution. Here, a new distribution is produced by sampling random draws
from an existing distribution and computing a weighted average over the random draws, approximating a mathematical expectation with respect to a target
distribution [2,27]. Using IS, when given a random variable x with a probability
of p(x) and assuming we wish to compute an expectation μf = Ep [f (X)] by
sampling random draws x(1) , . . . , x(m) from q(x), we can write

μf = f (x)p(x)dx
(4)
For any probability density p(x) that satisﬁes q(x) > 0, when f (x)p(x) = 0
we also have:
μf = Eq [w(x)f (x)]

(5)
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where w(x) = p(x)
q(x) . Eq [·] denotes the expectation μf with respect to q(x),
this means that our expectation can be approximated using
1 
w(x(j) )f (x(j) )
m j=1
m

μ̂f ≈

(6)

To increase the accuracy of IS, for most x, q(x) has to be approximately proportional to p(x), thereby reducing variance in the estimate of μf . Importantly, IS is
more than a variance reduction method as it is also used to investigate the properties of a distribution when sampling from another distribution of interest [27].

4

Importance Sampling Forests

We leverage this property to draw terrain class samples from a joint distribution
conditioned on both position and slip, while still allowing for location independent terrain classiﬁcation. In order to apply the importance sampling principle,
we sample terrain labels from weak probabilistic slip classiﬁers (a decision tree),
and use these to train new decision trees conditioned on vehicle position to produce an ensemble model over terrain classes. This can be considered a form of
random forest [3]. Random forests are typically trained using bagging, where
a subset of features are randomly sampled from a set, but here we train the
forests (which we term importance sampling forests (ISF)) using labels sampled
from a slip classiﬁer. This can also be viewed as a form of boosting, an iterative
training method where the weights of incorrectly classiﬁed samples are increased
to make these more important in the next iteration, thereby reducing variance
and bias and improving model performance [1,15]. The use of ISFs for terrain
classiﬁcation is shown in Algorithm 1.

Algorithm 1. Importance Sampling Forest Classiﬁer
Input: Slip estimates, position estimates and terrain class labels
Output: Averaged terrain class probabilities and a trained ISF classiﬁer
Let Ct be the terrain class at t
Let xt be the position estimates at time t
Let st be the slip estimates at time t
Fit DT using slip estimates - R(Ct |st )
Initialise class label probabilities q(Ct |xt ) = 0
for i = 0 to I do
Sample j = 1 . . . N labels C j ∼ R(Ct |st ) using DT class likelihood
Fit position based DT classiﬁer using samples C j → qi (Ct |xt )
Add terrain sample probability predictions to list q(Ct |xt ) = q(Ct |xt ) +
qi (Ct |xt )
10: end for
11: Average terrain class predictions yp = q(CIt |xt )
1:
2:
3:
4:
5:
6:
7:
8:
9:
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ISFs work by using terrain labels sampled from a pre-trained slip-based terrain classiﬁer that is applied to a new set of slip estimates captured in a previously unseen terrain patch. The ISF classiﬁer randomly draws new terrain labels
C j from the predicted output distribution y given by the R(Ct |st ) slip-based
classiﬁer. The new terrain label samples are then used, along with positions, xt ,
to train a number of position based terrain q(Ct |xt ) classiﬁers.
The goal of the proposed ISF classiﬁcation method is to ﬁnd the expected terrain class C at position xt with respect to the slip classiﬁer distribution R(C|st ),

(7)
C(xt ) = q(C|xt , st )R(C|st )dst .
We accomplish this using an importance sampling forest,
C(xt ) =

N
1  i
q (C|xt , st )
N i=1

(8)

where qi (C|xt , st ) is a decision tree trained using class labels C j sampled from
the slip classiﬁer class likelihood
C j ∼ R(C|st ).

(9)

Importantly, the decoupling of position and slip measurements in the model
above allows a slip-classiﬁer to be applied in new locations, without needing to
be retrained.

5

Experimental Results

We illustrate the use of ISFs on a terrain classiﬁcation task using a Packbot 510
tracked robot.
5.1

Experimental Setup

A combination of indoor and outdoor terrain surfaces are used for testing (see
Fig. 1), namely: rubber, carpet, rocks and grass. The Packbot 510 tracked mobile
robot used for data collection is equipped with odometry sensing and a ﬁve
degree of freedom manipulator. In addition to the standard platform conﬁguration described above, it has been augmented with a mini-ITX computer, a 3D
Velodyne LiDAR sensor and an inertial measuring unit (IMU).
The platform operates using an in-house autonomous 3D mapping application. Sensor data recorded included the pose estimate data obtained using a
point-cloud-based iterative closest point localisation algorithm, desired forward
and rotational velocities obtained from the path-following controller used on
the platform, and actual forward and rotational velocity data obtained from a
state estimation algorithm that fuses platform odometry data, IMU data and
point-cloud-based localisation estimates.
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Data was collected in a semi-autonomous mode, with user-deﬁned goal points
ensuring navigation trajectories crossed the terrain patches of interest. The platform controller ensured relatively smooth motion across the terrain. Motion
involving spot turning is ignored, and forward velocity was kept relatively constant across the terrain.
After experimental setup and data preparation, rotational slip estimates [7]
were estimated from the collected velocity data. The slip estimates were then
labelled according to the terrain patch they were captured on.
Two diﬀerent datasets were collected during diﬀerent experimental runs on
diﬀerent days and for diﬀerent terrain conﬁgurations. Figure 2 shows the terrain
patch setup that was used to collect Dataset A, train the classiﬁers and also to
perform the ﬁrst test, which we refer to as Test A. Dataset A was split into 60%
training, 10% validation and 30% test data.

Fig. 2. The ﬁgure shows the positions on the four terrain surface patches where data
was captured. (Yellow - Rubber, Red - Carpet, Blue - Rocks, Green - Grass.) (Color
ﬁgure online)

Figure 3 shows the terrain setup that was used for Dataset B and to perform
the second test, which we refer to as Test B. We trained support vector machines
and decision trees1 to predict terrain labels for given slip estimated using Dataset
A, and report test accuracy on Test A. Model parameters were tuned to produce
the best performance on the validation set.
We then tested these models on Dataset B, to illustrate the challenge of
over-ﬁtting to terrain conﬁgurations. We also used Test B to illustrate the value
1

We also experimented with LSTM models, but these failed dismally, presumably due
to a lack of data.
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Fig. 3. Terrain layout where Dataset B was collected. The colour codes are still consistent with those of Fig. 2 (Color ﬁgure online).

of importance sampling forests, which allow for successful terrain classiﬁcation
across terrains without over-ﬁtting.
5.2

Slip-Only Classification

When tested on Dataset A, both the support vector machine (Fig. 4) and decision
tree (Fig. 5) seem to perform well, successfully classifying most terrain samples in
the test set. These results agree with those typically seen in the literature, which
has suggested that terrain classiﬁcation using slip estimates alone is generally
eﬀective.
The DT returned a validation accuracy of 89%, and an accuracy score of 90%
when Test A was conducted. However, when Test B is conducted, it is clear that
the DT has over-ﬁt to the terrain conﬁguration of Test A. Similar results are
seen for the SVM, as shown in Table 1.
When the trained decision tree classiﬁer is used to classify the terrain patches
contained in Dataset B, the classiﬁer fails with a low accuracy score of 31%.
In order to address this over-ﬁtting, a more conservative DT classiﬁer was
trained using training data from Dataset A. The classiﬁer produced a validation
accuracy of 65% and an accuracy score of 62% when Test A was conducted.
Figure 7 shows the confusion matrix of the more conservative classiﬁer, which is
only weakly able to classify the terrain in Test B, as shown in Fig. 6.
The poor classiﬁcation results obtained here seem to contradict ﬁndings in
the literature about the eﬃcacy of slip-based terrain classiﬁcation, and highlight
the importance of testing terrain classiﬁers under multiple conditions to avoid
over-ﬁtting.
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Fig. 4. The predicted labels for an SVM on Test A terrain seem to indicate that the
terrain is generally classiﬁed correctly.

Fig. 5. The labels predicted by the DT classiﬁer for Test A at position estimates
corresponding to the test data seem to show successful terrain classiﬁcation.

5.3

ISF Classifier Performance

We tested the performance of the proposed importance sampling forest model
using the more conservative, but less accurate slip prediction model described
above.
When the ISF terrain classiﬁcation method was used to predict the terrain
type, the classiﬁer returned an accuracy score of 94% for Test A. Figure 8 shows
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Fig. 6. The predicted labels by the DT classiﬁer for Test B terrain patch classiﬁcation
at position estimates corresponding to the test data show that the slip-based terrain
classiﬁcation fails to classify the terrain patches particularly well.

Fig. 7. The ﬁgure shows the performance of the properly tuned, conservative DT classiﬁer when Test A is performed. The classiﬁer obtains an accuracy score of 62%.
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the confusion matrix when Test A position estimates were used to improve the
performance of the previously trained slip-based terrain classiﬁer. From the plot,
we can see that the method accurately classiﬁes the terrain patches. Though the
accuracy of rubber dropped from 95% to 90%, the overall performance of the
classiﬁer improved signiﬁcantly. The improvement can also be noted in Fig. 9,
where the terrain patches can be clearly seen.
When Test B position estimates were used to classify the terrain using importance sampled forests and slip classiﬁers trained using dataset A, the new classiﬁer returned an accuracy score of 97%. Figure 10 shows the confusion matrix

Fig. 8. The plot shows the level of improvement from the classiﬁer with an accuracy
score of 53% to an accuracy score of 94% when ISF and Test A pose estimations are
used. Rock, grass and carpet have improved from a classiﬁcation accuracy of less than
45%, while rubber dropped from an accuracy of 95%.

Fig. 9. The ﬁgure shows the Dataset A ISF terrain predictions.
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Fig. 10. The ﬁgure shows the level of improvement from the classiﬁer with an accuracy
score of 41% to an accuracy score of 97% when ISF and Test B pose estimations are
used to re-train the classiﬁer for classiﬁcation.

Fig. 11. The ﬁgure shows the Test B terrain patch label layout using the ISF terrain
classiﬁer. The terrain patches can be clearly noted. This is in stark comparison with
the base slip classiﬁer used for prediction, as shown in Fig. 6.
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when Test B position estimates are used to improve the performance of the previously trained terrain classiﬁer. From the plot, we can see that the method accurately classiﬁes the terrain patches, where the classiﬁer performance improved.
The dramatic improvement can also be noted from Fig. 11, where the terrain
patches can be clearly seen.
The results presented in this section show that the ISF classiﬁer is able
to dramatically increase classiﬁcation performance through the use of spatial
smoothing, and that the forest ensemble helps to prevent over-ﬁtting.
Table 1. The table summarises (% accuracy) the average performance of all the classiﬁers’ Test A and Test B results, while also comparing terrain-wise Test A and B
performance.
Terrain type/Classifier methods

Rubber Grass Rocks Carpet Average accuracy

Train A SVM Test A

90

91

86

89

Train A SVM Test B

100

0

0

0

89%

Train A DT Test A

92

83

83

81

85%

Train A DT Test B

79

1

25

14

31%

Train A Conservative DT Test A

96

42

59

52

62%

Train A Conservative DT Test B

34

87

22

22

41%

Train A ISF Test A

90

93

100

93

94%

Train A ISF Test B

89

100

98

99

97%

Failed

Table 1 summarises the experimental results described above. Here, the convention Train A, Test B denotes a model trained on Dataset A, and tested on
Dataset B.
It should be noted that importance sampling forests are inexpensive to compute when the underlying slip-based classiﬁer is a decision tree, but slow dramatically if alternative models are used. For this reason, we do not attempt to
improve SVM classiﬁers using the proposed approach.

6

Conclusions

This work has highlighted the importance of testing terrain classiﬁcation models in multiple terrain conﬁgurations to avoid over-ﬁtting. Experimental results
showed that slip-based DT and SVM classiﬁers failed to classify terrain surfaces
due to a loss of generalisation caused by over-tuning of model parameters.
This paper introduced importance sampling forests for terrain classiﬁcation,
a technique that uses sampled labels from a probabilistic slip-based terrain classiﬁer to train position conditioned terrain classiﬁcation models. This produces
an ensemble terrain classiﬁer, which allows for terrain classiﬁcation that incorporates spatial information. Importantly, this approach means that the slip-based
classiﬁer can incorporate position information in new locations, as it is location
invariant.
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Experiments showed that the ISF terrain classiﬁcation algorithm produced
substantial improvements in terrain classiﬁcation using simple slip measurements
and proved to be highly eﬀective across terrain conﬁgurations.

References
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