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A Tapered Whisker-Based Physical Reservoir
Computing System for Mobile Robot Terrain
Identification in Unstructured Environments

Zhenhua Yu 1, Shehara Perera1, Helmut Hauser2, Peter R.N. Childs 1,Thrishantha Nanayakkara1

Abstract—In this letter, we present for the first time the
use of tapered whisker-based reservoir computing (TWRC)
system mounted on a mobile robot for terrain classification and
roughness estimation of unknown terrain. Hall effect sensors
captured the oscillations at different locations along a tapered
spring that served as a reservoir to map time-domain vibrations
signals caused by the interaction perturbations from the ground
to frequency domain features directly. Three hall sensors are used
to measure the whisker reservoir outputs and these temporal
signals could be processed efficiently by the proposed TWRC
system which can provide morphological computation power for
data processing and reduce the model training cost compared to
the convolutional neural network (CNN) approaches. To predict
the unknown terrain properties, an extended TWRC method
including a novel detector is proposed based on the Maha-
lanobis distance in the Eigen space, which has been experimen-
tally demonstrated to be feasible and sufficiently accurate. We
achieved a prediction success rate of 94.3% for six terrain surface
classification experiments and 88.7% for roughness estimation of
the unknown terrain surface.

Index Terms—Robotic whiskers, Reservoir computing , Terrain
classification, roughness estimation.

I. INTRODUCTION

MOBILE robots performing tasks in unknown environ-
ments need to traverse a variety of complex terrains,

and they must be able to reliably and quickly identify and char-
acterize these terrains to avoid getting into potentially chal-
lenging or catastrophic circumstances [1]. This is a challenging
research problem because the visual appearance of outdoor
terrain changes due to aspects such as weather, precipitation,
light intensity and smoke, as well surface properties that can
change due to dirt, water and snow.
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These factors have motivated a variety of terrain identifi-
cation research based on various sensors, using vision [2],
lidar [3], audio [4], inertial measurement units (IMU) [5],
tactile sensors [6], and multi-modal fusion [7]. Among the
various modalities, vision-based terrain identification methods
combined with deep learning have demonstrated extraordinary
advantages and have led to significant technological devel-
opments [8]. For contact-sensor-based schemes, IMU [9] or
tactile sensors [10] are investigated by using the direct contact
information of the ground properties through application of
convolutional neural network (CNN) methods. Inspired by
animals such as rats and sea lions which use whiskers to
navigate in the dark and perceive environmental information
and features without vision [11], artificial whiskers sensors
have been designed and constructed for robot navigation [12],
terrain identification [13], object detection [14], size measure-
ment [15], shape recognition [16], and surface information
identification [17].

Fig. 1. Schematic of a whisker-based reservoir computing system, showing the
internal reservoir and a readout function. The tapered shape causes different
vibration frequency components to localise along the whisker when the tip
is rubbed against a surface or the base is vibrated with the tip end is not in
contact with any object. The nonlinear tapered whisker sensor serve as the
reservoir, and only the weight matrix Wout needs to be trained. There can
be any number of readouts from the whisker. In this particular application of
terrain classification, we use only 3 readouts for sufficient accuracy.

However, most of the above state-of-the-art conventional
neural network-based methods require large training data
samples, and these training data are often difficult to collect,
especially in unknown environments because they demands
manually assignments of the labels to the training dataset.
Moreover, these approaches require huge computing resources
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for online training and recognition, and the performance tends
to degrade once there are outlier data that do not exist in the
prior training dataset. As a result, it is difficult to quickly
and cost-efficiently predict the surface characteristics of an
emerging unknown terrain, especially, for vehicle-mounted
IMUs and vision methods in complex extreme environments,
which may not be feasible in practical robotic applications in
unstructured environments.

An alternative, recently emerging, approach is to use phys-
ical reservoir computing [18]. This exploits the complex
dynamics of physical bodies as a computational resource and
therefore can significantly reduce the computational power
needed. The approach is based on a machine learning approach
called reservoir computing [19], which can be used to learn
dynamic input output relationships. At its centre is a high-
dimensional, nonlinear dynamical system (i.e., the reservoir)
which maps nonlinearily any input signals into its high dimen-
sional state space and at the same time integrates temporal
information with a leaky memory, see Fig.1. If the dynamics
of the reservoir are sufficiently complex, then, adding a linear
readout is sufficient to emulate complex nonlinear dynamical
systems [18]. This means, with the help of the nonlinear
dynamics of the reservoir, learning complex computations
can be reduced to finding a set of linear output weights by
using simple linear regression. While reservoir computing is
an abstract machine learning method, physical reservoir com-
puting uses real physical systems as reservoirs. This includes
nonlinear effects in lasers, networks of memristors, compliant
body parts of robots and may others [20] [21].
In our case, we use a tapered spring as the reservoir (see
Fig.1) mounted on a mobile robot. The idea is that movements
of the robot on different types of rough terrain will result
in different vibration behaviours of the spring. The readout
from the reservoir is implemented by three magnets located
at the bottom, middle and top of the spring. Corresponding
Hall effect sensor obtains vibration readings. Specifically, to
learn a corresponding classification (i.e., classify terrain and
roughness based on the sensory signal) logistic regression will
be used. Note that in previous research, Hauser et al. [22]
has demonstrated that a network of compliant mass-spring
systems can be used to emulate complex nonlinear systems
(e.g. controller, filters, limit cycles, etc.). In this paper, we
only use one spring, but being tapered, it allows us to access
different frequency components simultaneously.

To our knowledge, this is the first time a tapered whisker-
based reservoir computing system is used for terrain classi-
fication and roughness estimation of unknown terrain for a
mobile robot (Fig.2). Reservoir computing is deployed here by
using the whisker sensor to project features from the temporal
vibration data directly for logistic regression training, which
can provide embodied computing input for data processing and
reduce computational cost of model training. This paper firstly
shows that the steady state response of nonlinear vibration
dynamics of whisker reservoir outputs can be used to classify
terrain textures even on flat terrain and estimate the roughness
of the unknown terrains, which significantly improves the real-
time properties of the terrain identification.

The remainder of this paper is organized as follows: Section

II introduces the design and construction of tapered spring-
based whisker reservoir computing system and workflow.
The reservoir computing based on whisker sensor vibration
characteristics and readout training are studied in Section III.
Section IV reports the whisker vibration data collection and
reservoir feature extraction as well as algorithm framework
for surface roughness estimation of unknown terrains. Section
V presents the results and analysis of terrain identification
experiments and prediction of the unknown terrain’s roughness
based on reservoir computing. We also provide comparative
experimental results to demonstrate that it is not possible to
do classification work if linear IMU data, e.g., acceleration,
are used directly. Finally, Section VI concludes this paper’s
contribution and discusses future work.

II. RESERVOIR COMPUTING SYSTEM DESIGN

A. Conical Spring-based Whisker Sensor Design
In this paper, we use the phenomenon of vibration fre-

quency separation along the axis of a tapered spring vertically
mounted on a mobile robot as part of reservoir computer to
classify terrain types. Fig.2 illustrates the proposed nonlinear
whiskered sensor for terrain identification. The body of the
physical reservoir was made of a high-carbon conical nonlinear
spring, with a free length: 100 mm, wire diameter: 1 mm, bot-
tom diameter: 20 mm, and tip diameter: 10 mm respectively.
Three neodymium permanent magnets are embedded in the
bottom, middle, and top of the conical spring beam. Con-
sequently, three SS49E linear Hall sensors are orthogonally
mounted under the neodymium permanent magnets by the
cantilever beam to measure the osculation induced by terrain.
The cantilever used to support the Hall sensors is made of
rigid acrylic pillars to keep the relative positions of three Hall
sensors remaining relatively constant when the robot moving.

The saturation of the whisker sensor reading depends on
the Hall sensor, which has a reading range from 1 V to 4 V
with magnetic fields from -1000 Gauss to 1000 Gauss. The
sensitivity of the SS49E Hall sensor is 1.4mV/Gauss, which
enables capture of extremely weak magnetic field vibrations
and ability to distinguish quite similar terrains or surfaces.

Fig. 2. The whiskered mobile robot equipped with a bioinspired tapered
whisker-based reservoir computing system. The tapered spring-based whisker
sensor is vertically mounted on the front of the mobile robot to collect the
nonlinear vibration directly.

The whisker sensor is installed orthogonally in front of
the wheeled robot because when the robot travels through
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different terrains, the front wheels of the robot will receive
the external terrain excitation first, which helps the robot
to recognize the new terrain information earlier to avoid
catastrophic consequences, as shown in Fig.2. When the robot
traverses different terrains in steady-state motion, the external
vibration will act vertically on the conical whiskered spring
shaft, which will cause nonlinear perpendicular displacement
along the tapered spring axis. The shaft deformation also
induces the same vibrations on the magnet inside, and the Hall
effect sensor will generate continuous low-frequency electrical
voltage signals due to the nonlinear continuous magnetic flux
change.

In this paper, the whisker sensor is used for terrain clas-
sification in an unstructured environment, although it is more
versatile and could be applied to more demanding application,
such as object detection, surface information identification and
robot navigation [23].

B. Experimental Setup Design & Procedure

The physical reservoir computing system experiment is
conducted by a four-wheel mobile robot with the tapered
whisker sensor fixed orthogonally on the robot. The wheeled
unit and electronic system connection are shown in Fig. 2.

Fig. 3. Diagram of the overall system for the mobile whiskered robot terrain
identification, based on the tapered whisker sensor.

Fig.3 shows the computation framework based on reservoir
computing systems for the mobile whiskered robot terrain
recognition and unknown surface roughness prediction. The
three streams output signals of the Hall sensors are sent to a
Raspberry Pi 4B via an ADS1115 analog to digital converter as
shown in Fig.2. The operating frequency of the AD converter
is between 8 Hz to 860 Hz, which enables the robot to capture
enough information even during a quite short time window.
The sensor data collection, robot motion and control, reservoir
computing, terrain identification and the surface roughness
prediction in unknown environments are synchronized and
conducted online by the Raspberry Pi 4B because it only
requires little computing power.

To extract the reservoir feature vector Rf , n sequential vi-
bration voltage points are sampled from the Hall sensors at the
top (T), middle (M), and bottom (B) of the tapered spring. The
jth data point is denoted as dTj , d

M
j , dBj , j = 1, 2, 3, · · · , n for

top, middle, and bottom respectively. A sampling frequency of
fsamp = 100Hz was used. Sampled data were then grouped

into n× 3 sampling segmented vector Dn×3. The jth row of
Dn×3 is given by

D1×3
j =

[
dTj dMj dBj

]
j = 1, 2....n, (1)

where each matrix row corresponds to the three streams of
Hall effect sensor voltage outputs at a given time.

Reservoir computing needs a high dimensional state space
with a large readout, but we simplify the readout and choose a
limited readout with 3 here from a larger reservoir occurring in
the tapered spring to suit the application of terrain classifica-
tion in this paper. Actually, we could have an infinite number
of readouts from the whisker sensor for terrain identification.

III. METHODOLOGY

A. Reservoir feature for terrain identification

A dynamical tapered whisker could provide morphological
computation power for projecting features from the external
temporal vibration data for model training directly. The exter-
nal oscillation is fed to the nonlinear whisker reservoir, which
is internally composed of random and fixed nonlinear nodes. It
only requires the output weight matrix WT

out that connects the
reservoir state x(t) and the output y(t) to be trained quickly.

The covariance matrix CD = covp,q p, q = T, B, M of
the segmented vibration vector Dn×3

i was calculated to enable
future exploration of the data dispersion degree and spatial
distribution trend.

(a) (b)

(c)

Fig. 4. The three streams Hall effect sensor voltage outputs dTj , dMj , dBj of
two similar terrain surface along with the three associated Eigenvector direc-
tions and Eigenvalue scaling(RB represents Rangle Brick and DB represents
Dimetric Brick). This demonstrates the advantages of TWRC system that it
can discriminate even two very similar terrain surfaces based on the whisker
reservoir outputs.

This symmetric matrix is then decomposed into its Eigen
representation to extract the eigenvector feature Rvec and
eigenvalue features Rval for subsequent fast logistic regression
training.

CD = RvecRvalR
T
vec (2)
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Here, Rvec and Rval are 3 × 3 metrics. The eigenvector
Rvec of the raw data’s covariance matrix reflects the dispersion
direction of the distribution transformation of the sampled
data, and the eigenvalue Rval corresponding to the square of
the scaling factor in each direction. Finally, the eigenvector
and the eigenvalue of the covariance matrix jointly work as the
input for logistic regression training and terrain classification.
The dimension of the combined reservoir feature vector Rf is
12× 1.

Rf= [Rvec Rval]
T (3)

The tapered whisker-based RC system has excellent dis-
crimination capability, even for very similar external terrain
stimulus, e.g. the rectangular and diametric bricks shown in
Fig.4 (a) and Fig.4 (b). We can see from Fig.4 that the
original vibration data of the two terrains have very similar
distributions in the time domain, which makes the distinction
very difficult for mobile robots. However, due to the use of the
tapered spring, the covariance matrix CD of their original data
has distinctly different eigenvalues Rvec and eigenvectors Rval

in Eigen space, as shown in Fig.4 (c). This indicates that this
conical spring whisker has good discrimination capabilities for
terrain surface identification and it could separate the different
frequency vibrations of raw data in the time domain directly.

B. Readout weights training via Logistic Regression

A simple supervised learning algorithm, one-versus-rest
(OVR) logistic regression (LR), was applied to train the linear
RC readout weights to classify different terrains as shown in
Fig. 1. Compared with other artificial neural networks, e.g.
naive Bayes, cluster, k-nearest neighbors, support vector ma-
chine, and convolutional neural networks, logistic regression
is a computationally economical classification method based
on the theoretical computational complexity.

The input of RC is the reservoir feature vector Rf , which
is described by a feature vector including 12 elements (the
eigenvector Rvec and the eigenvalue Rval of the covariance
matrix). It will be imported into the logistic regression network
directly, and the highest probability of the reservoir state
corresponding to the expected possible terrain surfaces is
determined both by the input reservoir feature vector Rf and
the LR weight matrix Wout, as shown in Fig.1. The LR has
six outputs representing each of the six terrain surfaces.

Then we use the sigmoid function given by equation 4

g(α) =
1

1 + e−α
(4)

where α = WT
out ·Rf which results in

h = g(WT
out ·Rf ) (5)

The cost function is given by:

J = − 1

m

m∑
i=1

[α log(h)) + (1− α) log(1− h))] (6)

where m is the number of training feature vectors, and α is
expected output for the reservoir feature vector Rf .

The loss function of LR is convex, so the parameter training
that minimizes the loss function can be accomplished by the
gradient descent method defined as:

∂J

∂Wout
=

1

m

m∑
i=1

(h− α)Rf (7)

IV. SURFACES ROUGHNESS PREDICTION FOR UNKNOWN
TERRAINS

In this section, we experimentally demonstrate that a tapered
whisker-based RC system can provide morphological comput-
ing power for surface identification. To achieve the roughness
estimation for unknown terrains, a novelty detector based on
the reservoir features is proposed.

A. Data collection

An important task for evaluating the performance of our
TWRC system is surface selection. Six representative types of
surfaces with different hardness and roughness were sampled
in our experiments to test the performance of our TWRC
system as well as its capability in predicting the roughness of
the new unknown terrain surfaces. Two of these were indoor
surfaces and four were outdoor terrains:
(1). hard rough cobblestones, (2). hard roughish brick
(3). soft rough grass, (4). soft roughish sand
(5). hard smooth flat (Indoor), (6). soft smooth carpet (Indoor)

(a)

(b)

(c)

Fig. 5. Three terrain surfaces along with the associated three streams vibration
signal, used to evaluate the performance of the RC system. (a) Hard Rough
gravel. (b) Hard Roughish Brick. (c) Soft Smooth Carpet.

When the whiskered robot moved at a steady speed of
0.2m/s traversing the different surfaces, the Raspberry Pi 4B
will automatically collect the vibration data via the A/D
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converter ADS1115 with a sampling frequency of 100 Hz,
and label the raw vibration data. Then, the collected data was
segmented into single training feature vectors with different
time window T = 1.5 or 3 seconds for later procession.
In total, 750 seconds of vibration data of our system were
collected for each terrain surface, which finally led to the
construction of our dataset Dn×3

i for feature extraction and
reservoir logistic regression training. Part of the sampled
experiment terrain surface and its corresponding three streams
vibration data are given in Fig.5.

B. Mahalanobis distance in the eigen space

Based on the aforementioned reservoir feature extraction
methods and vibration dataset, the reservoir features in-
cluding the eigenvectors and eigenvalues, the RC system
was calculated with cost-efficient computation power. Fig. 6
demonstrated the eigenvalue feature distribution of the conical
whisker reservoir outputs for six terrain surfaces in the Eigen
space.

As can be seen from Fig.6, external surface stimuli of
different hardness and roughness terrains will result in unique
eigenvalues outputs for our whisker-based RC system. For
example, the roughness of the gravel terrain results in a
relatively large eigenvalues compared with other surfaces due
to its coarse gravel. In contrast, when the whiskered robot
operated at a steady speed over the flat and carpet, the eigen-
values of the conical whisker reservoirs outputs were mainly
distributed near the zero points and have a relatively smaller
dispersion. Even though the actual topographic features of
carpet and float are very similar, their eigenvalue distribution
in feature space is also completely different. This indicates
that based on the already calibrated TWRC system, the robot
moving in steady-state motion could autonomously predict the
roughness or softness even of very similar terrain, based on
prior knowledge.

Fig. 6. Eigenvalues of the tapered whisker reservoir outputs for six sampled
terrain surfaces in Eigen space for terrain classification.

In order to achieve roughness prediction for unknown new
terrain, we introduce a Mahalanobis distance RD in the Eigen
space. The distance can reflect the correlation between the
reservoir features R̂f of unknown terrain and the existing data

reserve feature base Rf in Eigen space. It can be expressed
mathematically as

RD =

√
(R̂f −Rf )

T
CD

−1(R̂f −Rf ) (8)

The metric RD is scale-invariant and could eliminate the
effect of variance differences caused by the distribution of
samples in different dimensions, which is important for dis-
tinguishing similar terrain surfaces. When this value is smaller
in equation 8, it indicates that the new data has a higher
probability of belonging to a particular class dataset. It es-
pecially considers the interaction between the eigenvector’s
direction and eigenvalues and their combined influence on the
final distance RD because these features together reflect the
textural characteristics of the terrain.

To verify that the proposed distance RD is a good charac-
teristic criteria for predicting unknown terrain, we calculated
the distances RD between the validation testing dataset Dt

and the prior dataset Dp. 70% of the raw data Dn×3 of each
terrain were randomly selected as prior knowledge dataset Dp,
and the remaining 30% were used as the testing dataset Dt.

(a)

(b)

Fig. 7. Boxplot of the Mahalanobis distance in the Eigen space RD

distribution based on the reservoir features Rf . The red cross points represent
the outliers. (a) The RD between the validation dataset Dt relative to the a
priori dataset Dp for each terrain. (b) The RD between the flat terrain dataset
relative to the other remaining five terrains dataset.

The distribution of the RD between the validation feature
dataset Dt and the corresponding terrain prior information set
Dp is given in Fig.7 (a). At the same time, we calculated
the distance between the flat relative to the other five terrain
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surfaces, and the distribution of the distance results RD

is shown in Fig.7 (b). In this test, 5 random experiments
were conducted to avoid accidental distance calculation errors
caused by random trials.

In Fig.7 (a), it can be seen that for all six terrain surfaces, the
average Mahalanobis distance (AMD) RD between the testing
dataset Dt and the prior dataset Dp is 7.87, with a average
standard deviation (ASD) of 4.94. For each terrain there are
some anomalous distance values, which can be explained by
the eigenvalues of those marginal zones between different
terrains, as shown in Fig.6. However, for each terrain, almost
all of the data excluding outliers are distributed within about
(AMD+3ASD) 22.69.

Combining the results of the distance distribution given in
Fig.7, we can find that if a set of feature data does not belong
to the particular corresponding dataset, then the value of RD

will be significantly larger. For example, the average value RD

between the flat testset and the gravel prior database reaches
2354, while the average distance between the flat testset and
its corresponding priori database is only 8.6. Although the
flat and the carpet are smooth and very similar terrains, we
can also distinguish them with a high strict distance boundary
condition.

However, this also means that we cannot predict the un-
known terrain efficiently if we rely only on the distance RD.
Therefore, a model combining the discrimination distance RD

with linear output training is proposed in the next subsection.

C. Surfaces roughness prediction for unknown terrains

In this section, we will describe in detail how to predict
the roughness of an unknown terrain based on the extended-
TWRC system including the novelty detector. The physical
system working flow framework is shown in Fig.8.

Fig. 8. Workflow of the roughness estimation of unknown terrain surface
based on the extended-TWRC system including the novelty detector.

As shown in Fig.8, this prediction process starts with the
collection of a new terrain segment Dnew and the computation
of its corresponding reservoir feature vector Rnew

f . In the next
step, the novelty decision detector will determine whether this
new terrain is a known terrain (rejected) or an unknown terrain
(accepted) based on the trained logistic regression model and
the distribution of reservoir features of the prior known terrain.
In case of reject, the mobile robot will identify the new

segment’s terrain type using reservoir computing based on the
trained logistic regression weights with low computation cost.

If the new terrain segment Dnew is “accepted”, then the
robot can expeditiously predict the surface properties rough-
ness of this new terrain based on the labeled prior-terrain
information and the discrimination distance RD. The focus
of this paper is to show that our proposed method can make a
reasonable estimate of the roughness of unknown terrain rather
than giving very detailed roughness information, as it relies
heavily on previously calibrated terrain roughness information.

V. RESULTS

To verify the reliability and robustness of the aforemen-
tioned methods, surface identification experiments based on
the tapered whisker-based reservoir computing system were
conducted on six different terrains by the mobile robot at
a steady traverse speed. Comparative experiments were con-
ducted to demonstrate that it is not sufficient to do clas-
sification work if linear IMU data, e.g., acceleration, are
used directly. Subsequently, we tested the performance of
our extended-TWRC for estimating the unknown terrain’s
roughness based on previously calibrated terrains.

A. Reservoir computing classification results

In this section, we evaluate the performance of our physical
reservoir computing system based on the aforementioned
feature extraction methods because these could be calculated
at the same time without extra computing power. The sampling
dataset was segmented into raw terrain feature vectors Dn×3

corresponding to different time windows T = 1.5s and 3s to
test the performance of our proposed TWRC system.

(a) (b)

Fig. 9. Confusion matrix of reservoir computing prediction success rate
averaged over 20 randomly trials, with robot speed is 0.2 m/s and the sampling
frequency of the whisker is 100Hz. (a) Prediction results for time window
size 1.5 s. (b) Prediction results for time window size 3 s.

During the repeated random subsampling validation exper-
iments, 75% of data Dn×3

train were randomly selected for the
LR weight matrix training, and the remaining 25% of data
Dn×3

test were used to test the performance of our proposed
reservoir computing system. In total, 20 random experiments
were conducted to avoid accidental classification errors caused
by random trials.

Fig. 9 (a) and (b) show the prediction confusion matrix of
the reservoir computing system for 20 random experiments
when the whiskered robot moved at a steady speed at 0.2m/s,
and the A/D converter sampling frequency is 100 Hz. The
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average prediction rate of these test experiments are 86.2%
and 94.3% for the time windows 1.5s and 3s respectively.
The results demonstrate that our TWRC system has good
recognition and identification capabilities of different terrain
surfaces when the whiskered robot executes robust real-world
deployments action. Even though longer time windows could
augment classification accuracy as shown in Fig. 9 (a) and (b).
However, a trade-off is needed between real-time constraints
and identification accuracy.

There is still about 7% confusion between the soft carpet
and flat ground even if the time window is 3 seconds. This
is because these two indoor terrains are quite similar and
the reservoir cannot map enough information over short time
windows for classification. However, these two indoor surfaces
have low confusion values with the outdoor terrains because
their eigenfeatures were quite distinguished. The sand achieves
the best performance with 98.2% during the experiments,
which even had no false positives. In the case of the brick
terrains, it has a complicated surface such as joint gaps, and
a rugged surface which makes the conical whisker sensor
more challenging to distinguish it from gravel and flat terrains.
A more advanced classifier might make progress when it is
applied to the test compared with the logistic regression,but
this goes beyond the focus of this paper.

An IMU was mounted on the mobile robot to collect
vertical acceleration signals in six terrains at a steady speed at
0.2m/s with same sampling frequency 100Hz. The acceleration
data was segmented into vectors with time window 1.5s to
train the same above logistic regression model directly and
classify the different six terrains. Table.I shows the classifica-
tion results of different time windows. These results indicate
that it cannot achieve terrain classification by directly using
linear acceleration output. To achieve terrain classification with
high accuracy, the linear acceleration data requires training a
complex neural network after extracting multiple time-domain
features as shown in [10], which requires more computational
resources than our reservoir computing approach.

TABLE I
TERRAINS CLASSIFICATION ACCURACY USING ACCELERATION DATA

TRAIN THE LOGISTIC REGRESSION NETWORK DIRECTLY

Time Window 1.5s Time Window 3s
Prediction accuracy using

acceleration data 14.9% 15.2%

B. Surface roughness estimation of unknown terrains

The results in the previous section have shown that the
TWRC system has good classification and identification ca-
pabilities on the six presented terrain surfaces when the robot
is moving at a steady speed. However, without the novelty
detection, the new unknown terrain signals would be classified
wrongly which might lead to adverse consequences for the
robots. In this section, we will test our proposed system’s
performance for predicting the unknown surfaces’ properties
based on prior reservoir information.

To verify the distinctive capability of the extended TWRC
system, we use the soft carpet terrain as the testset Dt to

represent the unknown terrain, because of its close resem-
blance to the flat terrain which might lead to difficulty in
identifying the outliers and better reflecting the superiority of
our prediction strategy. The remaining 5 terrains will be used
as a priori datasets Dp to train the reservoir computing model
and novelty detection and prediction strategy. We manually
calibrated the roughness of these 5 terrains which increases
from flat to gravel in order to predict the roughness of the
unknown terrain. In Fig.11, the coordinates of the Y-axis
indicates different terrains whose roughness increases in order
from bottom to top. The Y-axis spacing does not accurately
reflect their roughness, since the purpose of this is simply
to facilitate the demonstration that our system can roughly
predict the terrain’s roughness based on prior information. The
closer spacing of unknown terrain to a particular terrain only
indicates that they have more similar roughness to each other.

Fig. 10. The novelty positive rate of different unknown testing terrain datasets.
Experiments are done on three different discrimination distance RD of these
three testing terrains.

Different terrains were selected as unknown terrain test sets
Dt to test the performance of our novelty detectors. Fig.10
demonstrated the novelty positive rate for different testing
samples at different distance RD. It can be seen that the
accuracy of outlier detection decreases as the discrimination
distance RD decreases, and its average positive rate decreases
from 97.51% at 12.81 to 89.1% at 22.69. This means that
in order to improve security, the strict discrimination distance
RD must be adopted by mobile robots.

Fig.11 showed the 300 prediction results of the actual and
predicted terrain types based on the above methods, with car-
pet working as the testing unknown dataset Dt. The whiskered
robot could very accurately identify the new unknown terrain
Dt and discriminate it from the already existing terrains inside
the priori datasets Dp. As shown in Fig.11, it could perform
highly accurate terrain identification for the terrain in the prior
database Dp based on reservoir computing at the same time.
The average classification accuracy reached for known terrain
83.7%, while the detection accuracy for unknown terrain was
88.7% for the extended TWRC.

More importantly, it achieved the roughness estimate of the
unknown terrain, which is approximately between the flat and
the sand, as shown in Fig.11. However, the roughness of the
unknown terrain is more similar to the floor terrain because
it is located closer to the flat on the Y-axis. These results
demonstrated that our whisker sensor as well as the proposed
extended TWRC system can identify the unknown terrain well
and give a roughness estimation of it in general. If a quantified
terrain roughness dataset had been given, our extended TWRC
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Fig. 11. The roughness prediction results when carpet terrain was chosen
as the unknown terrain surface with the discrimination distance RD=12.84.
Y-axis indicates the different terrain classes with a increase of the roughness
in order from bottom to top, and X-axis denotes the prediction results of 300
trials. The roughness of the unknown terrain is more similar to the flat terrain
because it is located closer to the flat terrain on the Y-axis.

system could quantify and accurately predict the roughness of
unknown terrain based on the prior datasets.

VI. CONCLUSIONS

Addressing cost-efficient terrain classification and rough-
ness estimation of unknown terrain in uncalibrated environ-
ments, we proposed a solution employing a tapered whisker-
based physical reservoir computing (TWRC) system with
limited signal readouts for terrain classification. We also
proposed an extended TWRC system for roughness estimation
of unknown terrains. Experimental results from the proposed
reservoir computing system show that the compliant nonlinear
whisker sensor could achieve frequency separation in the time
domain directly even only with a limited number of Hall
sensor readings and without any data processing before model
training. The results show that the steady response of an
tapered whisker sensor could be used to identify the terrain
texture even between very similar terrains, and that a mobile
robot equipped with an extended TWRC system could estimate
the unknown terrain’s roughness based on the prior reservoir
information.

In the future, the reliability and robustness testing experi-
ments in more complex and unknown scenarios will be worth
exploring. It would also be of interest to investigate how
stiffness control of the tapered whisker can be used as a control
parameter to improve its identification performance.
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