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Abstract

For small legged robots operating in diverse environ-
ments, the details of ground contact interaction play a huge
role in the dynamics and efficiency of locomotion. Adapting
the robot’s gait parameters to suit the terrain improves per-
formance significantly. In this work, we present a deep neu-
ral network classifier that predicts terrain given data from
a capacitive tactile array attached to the C-shaped legs of
SAIL-R, a small mobile robot. The classifier employs a 1D
convolutional neural network (CNN) to extract relevant fea-
tures from spatio-temporal tactile sensor data. We compare
results to an SVM baseline and train on different subsets of
hand-designed features to highlight how the classification
results are correlated to the information provided. Results
show that the use of deep learning bolsters accuracy sig-
nificantly when compared to SVM and that including hand-
designed features, particularly those that cannot be inferred
from raw data, is beneficial.

1. Introduction

During locomotion, the interaction between the ground
and limb can have a significant impact on the efficiency
and the robustness of mobility especially for small ground
robots and animals. For instance, when running quickly on
sand, the deformation of the sand causes dissipation of en-
ergy and increases the cost of transportation. On the other
hand, the issue becomes slippage when moving on surfaces
with low friction such as waxed tile. Thus, choosing the
appropriate gait strategy during locomotion is critical in
achieving efficient and robust locomotion for robots and an-
imals.

In nature, small animals sense the type of terrain they are
moving on using the myriad of mechanoreceptors and tac-
tile sensing elements on their feet. For instance, the shovel
snouted lizard utilizes the load information in its tendons
when running on sand. Gait adaptation of ground robots
using tactile sensing will be very useful for robots to re-

Figure 1. The SAIL-R robot

duce the cost of movement and increase maneuverability.
However, for small legged robots, implementing such sys-
tem has been difficult due to challenges such as small leg
size, curved leg surface, and wiring.

Recent advances in the capacitive sensing technology ad-
dress the aforementioned difficulties. The development of
small and lightweight capacitive to digital converters (CDC)
enable the design of a compact tactile sensing system. The
readily available commercial manufacturing of flexible cir-
cuits make them suitable for curved surfaces and minimizes
the volume required for wiring.

In this study, we investigate the utility of employing
deep learning as a means to classify terrain and terrain
type based on information regarding ground-robot interac-
tion and robot state. In particular, we use data collected
from the SAIL-R robot (Fig. 1) built at the Biomimetics
and Dexterous Manipulation Laboratory (BDML) at Stan-
ford University that uses the capacitive sensing technology
for collecting ground reaction force (GRF).

2. Related Work

The integration of force torque sensors and tactile sen-
sors for robotic locomotion has been explored extensively
over the years. The design and implementation of these sen-
sors being a rather custom process. Various attempts have
been made using different transduction methods and vary-
ing size depending on the application.
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One of the earliest integration of tactile sensing for lo-
comotion is shown in [5] where the ground reaction force
data was used to plan gaits and maintain control in irregular
terrains.

For larger robots where size and weight is less of a con-
straint, directly mounting bulky force torque sensors or tac-
tile sensors have been explored. In [4], force torque sen-
sors have been installed in the Honda ASIMO robot to plan
and control gait with sensory feedback. They discovered
that high acceleration and impact during contact resulted in
higher noise of sensor data. Chuah and Kim [3] propose a
lightweight and robust tactile sensor array for 3 axial force
sensing for the MIT Cheetah robot.

Approaches not utilizing direct contact information also
have been explored. Indirect sensing through reading accel-
eration and orientation with an IMU sensor has been inves-
tigated as shown in [2].

Classification of terrains using deep learning has also
been explored in [1] where data collected from large 6-axis
force torque sensors attached on shanks or legged robots
were passed through a neural network. They used recur-
sive neural network (RNN) and long short-term memory
(LSTM) to capture temporal data and achieved an accuracy
of 93%, but their sensors lacked spatial information on con-
tact area which could also be useful.

Previous work performing classification on terrain class
(high-friction, low-friction, deformable, granular) and gait
adjustment with SAIL-R [9] used an SVM with 39 hand-
designed features extracted from the ground reaction force
data such as taxel peak force, and control input such as mo-
tor RPM. This has shown promising results on terrain class
with an accuracy of 82.6% on average, but suffered from
low accuracy (< 70%) on high-friction and low-friction ter-
rains. By utilizing the spatio-temporal information encoded
on the tactile data to its fullest extent, it can be possible to
bolster the accuracy in these classes of terrains as well.

Convolutional neural networks (CNNs) that use one-
dimensional convolutions have grown in popularity for
tasks involving time-series data, in part, due to their com-
putational efficiency over RNN structures [6]. We propose
using a 1D CNN architecture instead of an SVM for terrain
classification. We expect that the self learned features from
a CNN will include temporal information from the tactile
data which is not captured by the hand designed feature set
used by the SVM.

3. Data
3.1. Data Collection

3.1.1 Tactile Sensor

The SAIL-R robot has a tactile sensor installed in each of
its front legs. (Fig. 2) Each sensor is an array of 5 ca-
pacitive taxel (5 × 5mm) that measures normal force, and

Figure 2. The tactile sensor array on the front leg.

Figure 3. Outdoor terrains with varying physical properties for gait
experiments and higher level classes.

another normal taxel sandwiched inside the hub of the C-
shaped leg with pre-tension using a rubber band in order to
measure shear force. Due to the circular shape of the leg,
normal force and shear force measurement is decoupled as
any force acting in the normal direction points towards the
center of the of the circular shape where the shear taxel is
positioned and does not produce moment. With shear force
on the leg, the circular leg deforms such that it either applies
compression or tension to the shear taxel. The sensor array
which is fabricated on a flex circuit for conformity is glued
on the 3D-printed C-shaped leg. A 16-b CDC (Analog De-
vices AD7147) reads the sensor array output at a frequency
of 217Hz.

3.1.2 Terrain

The terrains for locomotion experiments were selected such
that they include a variety of physical properties such as
surface friction, stiffness, and dissipation as shown in (Fig.
3). They were grouped into 4 classes based on similarity of
the properties: high-friction and high stiffness (HF), low-
friction and low stiffness (LF), deformable (D), and granu-
lar (G).

3.2. Data Preprocessing

The continuous time-series data of the 6 capacitive tax-
els were segmented to reflect information for each step a
leg made, as shown in (Fig. 4). From the data collected
during locomotion, 33 hand designed features were derived
as shown in Table 1. Some of the features are information
inferable from the raw data such as ’Peak amplitude of sum’
which is the peak amplitude of the sum of all normal tax-
els. The others are control inputs and robot states such as
gait parameters or input current at peak force, which are not
inferable from the raw sensor data.
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Figure 4. Superimposed plot of each sensor taxel readings. Ch6 is
the shear taxel.

4. Methods
4.1. 1D Convolutional Neural Network Feature Ex-

tractor

In order to extract temporal information from the raw
sensor reading and use it for classification, we have imple-
mented a 1D convolutional neural network (CNN) (Fig.5).
The 1D CNN was chosen among other structures known to
consider time-dependent information such as the recursive
neural network (RNN) or long short-term memory (LSTM)
due to higher computational efficiency. The 6 individual
taxel channel readings were transformed as a 6 × 1 × 69
[C × H ×W ] tensor that was used as input. The CNN is
composed of 4 convolutional layers where the initial layer
expands the channels from 6 to 24, and the other layers re-
tain the channel size as 24. A kernel size of 1 by 5 was used
to capture enough temporal information from the 69 sensor
readings per channel. A stride of 1 and zero-padding was
used to keep the width constant. Each convolutional layer
was followed by a ReLU activation fuction and a max pool-
ing reducing the size by half. Regularization was carried
out by using dropout at a rate of 0.5 during training. This
resulted in 1368 learned features which was then passed
through a fully-connected layer. During the learning phase,
Adam with a learning rate of 1e-4 was chosen as the opti-
mizer with cross entropy loss.

Cross Entropy Loss = −log(
exp(x[class])

Σjexp(x[j])
)

4.2. Terrain Classifier

Two fully-connected layers using ReLU activation con-
vert the learned features into classification results. We
investigate performance for both terrain classification and
higher-level class prediction in order to examine the perfor-
mance of using the CNN on the dataset, in contrast to [9]
which uses SVM only for class prediction. When examin-
ing the effect of added hand-designed features, they were

Index Feature Name
1 Peak amplitude of sum
2 Area under curve of sum
3 Gait parameter – Motor RPM
4 Gait parameter – Ratio Ts to Tc
5 Average amplitude of sum
6 Gait parameter - ωslow

7-11 Individual normal taxel force peak amplitude
12-16 Ratio of individual taxel force peak to peak sum
17-19 Min, max, average shear taxel force
20 Motor RPM at peak sum
21 Input current at peak sum
22-23 Input current average, range
24-28 Average normal force on individual taxels
29-33 Motor RPM at peak force for individual taxels

Table 1. Tactile Machine Leaning Feature Set

concatenated with the learned features before being input
to the first fully-connected layer. Models including all 33
hand-designed features were investigated, as well as mod-
els including only a subset (i.e. control input), as many of
the features can be inferred from the raw data.

5. Results
5.1. SVM Baseline

Before discussing the performance of our neural network
based classifier, we present the results of a support vector
machine (SVM) approach as a baseline for comparison. To
mimic approaches for terrain classification from tactile data
used in previous studies, namely [9] and [8], the SVM used
a PUK kernel. The 33 hand-designed features reported in
Table 1 were used as input to the SVM.

Figure 6 shows the output when labels are the four
higher-level terrain classes and Fig. 7 shows the output
when labels are the eight individual terrains. Similar to the
results of [9], which used the same SVM approach on a
superset of the hand-designed features used here, the low-
est accuracy case is distinguishing high-friction from low-
friction surfaces. The difficulty in separating high-friction
and low-friction persisted in the individual terrain predic-
tions, as concrete (HF) was often confused with waxed tile
or laminate wood (LF). Additionally, accuracy in distin-
guishing the four individual terrains that comprise the de-
formable terrain class was relatively low.

5.2. Terrain Classification

Figure 8 shows how accuracy on the train and validation
sets evolve as training progresses both for the terrain class
classifier and individual terrain classifier. The trends show a
sharp increase in accuracy in the first few epochs, then more
marginal gains as training continues. While there is a gap
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Figure 5. The neural net architecture.

Figure 6. SVM Confusion Matrix (Class)

Figure 7. SVM Confusion Matrix (Terrain)

between the training and validation accuracies, we do not
see overfitting to the extent that validation accuracy begins
to drop.

The total accuracy over all classes for the SVM baseline

Model Class Terrain
SVM Baseline 84% 70%

Raw Data 87% 69%
Raw Data + All Features 97% 80%

Raw Data + Control Input Features 93% 76%

Table 2. Summary of Results

and each of the three final neural net models are reported in
Table 2. For clarity, each of the listed model has two vari-
ants: one trained to predict high-level class and one trained
to predict individual terrain. The only difference between
the model architectures for these variants is the output fi-
nal dimension of the last fully-connected layer. Figures 9
and 10 show the confusion matrices for the Raw Data + All
Features models. Confusion matrices for the Raw Data and
Raw Data + Control Input Features models can be found in
the Appendix.

6. Discussion

6.1. General Performance

6.1.1 Comparison to SVM Baseline

It can be seen that using a deep learning method can im-
prove on the results of the SVM baseline for the terrain
classification task. The Raw Data + All Features model
showed an increase of over 13% for terrain class prediction
and 10% for individual terrain prediction. The most signif-
icant accuracy boost from the baseline was in distinguish-
ing high-friction from low-friction surfaces, which was one
of the main motivations in exploring deep learning for this
application. While the SVM classifier only correctly classi-
fied high-friction surfaces about half of the time, our high-
est performing deep learning model achieved over a 90%
accuracy on high-friction surfaces, though this remains the
lowest performing class.
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6.1.2 Implications of Dataset

A key reason that the most common confusion is between
high-friction and low-friction for all models investigated is
the data itself. As the class labels imply, the main distin-
guishing factor between high-friction and low-friction sur-
faces is the coefficient of friction. As noted in [9], for the
terrains used here, the difference between coefficient of fric-
tion for high-friction (µ = 1.0) terrains and low-friction
(µ = 0.5) terrains is relatively small. Additionally, the
time-series tactile data is noisy and has low-resolution in
the time-dimension. This fact in conjunction with the short
contact time per step for hard surfaces leads to poor quality
shear data, which intuitively is the most important channel
for distinguishing coefficient of friction.

It can be seen that it is more common for high-friction
to be mistaken for low-friction than vice versa. This may
be due to a class imbalance in the data. While the data
is balanced in terms of terrain, it is imbalanced in terms
of higher-level terrain class as the high-friction and granu-
lar classes include only one terrain each while low-friction
contains two and deformable encompasses four. Therefore,
there are nearly twice as many low-friction samples as there
are high-friction samples, which could explain the afore-

Figure 8. Training Curves

Figure 9. Raw Data + All Features Model Confusion Matrix
(Class)

Figure 10. Raw Data + All Features Model Confusion Matrix (Ter-
rain)

mentioned observation.

6.2. Effect of Hand-Designed Features

The features listed in Table 1 were hand-picked because
they have an intuitive relevance to the terrain classifica-
tion task. Therefore, it was expected that integrating all
33 of these features into our network would improve per-
formance. Indeed, we see that the Raw Data + All Fea-
tures model achieves the highest accuracy of the models
explored, both for class and terrain. However, when em-
ploying this method for real-time classification it may be
undesirable computationally to compute these features for
each step. The authors of [9] reduced their feature set for
real-time classification for this same reason. Moreover, a
majority of the features (e.g. peak amplitude of force, aver-
age normal force on the taxels, etc.) can be directly inferred
from the time-series sensor data and a well-performing 1D
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CNN feature extractor should produce features of similar
relevance from the raw data alone.

Using the same CNN feature extractor architecture but
performing classification only using learned features, we
see from Table 2 that accuracy drops down to roughly the
performance of the SVM baseline. This is unsurprising as
a select number of the features encode crucial information
that cannot be inferred from the tactile data. The most no-
table of these are the gait parameter control inputs used
when collecting the data. For several of the individual ter-
rains, data was collected from trial runs of the robot using
different gait parameters. Two samples on the same terrain
but with different gait parameters could result in inconsis-
tent raw data as the robot is moving differently as it tra-
verses the terrain. These inconsistencies between samples
of the same class, without knowledge of the gait parame-
ters used, could cause confusion for the classifier. Refer-
ring again to Table 2, it can be seen that including just the
gait parameter control inputs (3 features of the 33 total) im-
proves accuracy significantly.

6.3. Terrain Class vs. Individual Terrain

The task of predicting terrain is more challenging than
that of predicting terrain class, as terrains within the same
higher-level class share a great deal of similarities. All mod-
els achieved lower total accuracy when predicting terrains
than classes. Also, it was observed that models trained us-
ing individual terrain labels were more prone to overfitting
than models trained on classes, which can be seen in Fig. 8.

As concrete is the only terrain in the high-friction class,
one would suspect that as high an accuracy should be
achievable for concrete as for high-friction. Yet unintu-
itively, the best accuracy observed for concrete using the
terrain classifier was well below the best accuracy observed
for high-friction using the class classifier. The lack of trans-
parency of neural networks makes it difficult to definitely
state the reason for this unusual result. In fact, as these clas-
sifiers were trained separately (rather than asking the same
classifier to predict both class and terrain), it could simply
be that the training of the class model settled on a better lo-
cal minimum than that of the terrain model. A longer train-
ing time may also benefit accuracy for concrete as, upon
examining the training curves in Fig. 8, a full plateau may
not have been reached by the time that training was halted.
Another possibility is that the neural network architecture
used was more suited for class prediction than terrain pre-
diction and that hyperparameter tuning or increasing com-
plexity may lead to better accuracy for concrete.

7. Conclusion and Future Work
The deep learning classifier presented, which uses a 1D

CNN to extract features from time-series tactile data, is a
promising candidate for real-time terrain classification on a

running robot. It outperforms SVM on hand-extracted fea-
tures, which has previously been used for the same appli-
cation, by over 10% both for predicting terrain class and
individual terrain.

To further improve upon these results in the future, new
data on the SAIL-R platform could be collected at a higher
sampling frequency, leading to increased resolution in the
time-dimension. With higher resolution data, the 1D CNN
may be able to produce richer features that encode phenom-
ena such as slip, which would improve the classifier’s ability
to differentiate high-friction and low-friction surfaces.

While previous work with SAIL-R adapted gait param-
eters depending on terrain class, the performance gains for
predicting individual terrain achieved here opens the door
for further optimizing gait for specific terrains. Going one
step further, it would be interesting to expand this classi-
fier to predict not the terrains themselves, but properties
of the terrain such as coefficient of friction and stiffness.
This could lead to the development of a more generaliz-
able framework for adapting the gait of small-legged robots
traversing diverse landscapes.

In the future, it would be interesting to explore deep
learning architectures that are able to take in time-series
data of arbitrary length. While the 1D CNN structure is
a computationally efficient way to make use of temporal in-
formation, architectures such as LSTMs [6] or increasingly
popular Transformers [7] may be able to produce predic-
tions mid-step whereas the current 1D CNN implementa-
tion requires a fixed length time-interval of data correspond-
ing to one complete step.

8. Appendix
8.1. Additional Confusion Matrices

In the Results section we included confusion matrices for
the Raw Data + All Features models. Confusion matrices
for the Raw Data and Raw Data + Control Input Features
are included here.

Figure 11. Raw Data Model Confusion Matrix (Class)
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Figure 12. Raw Data Model Confusion Matrix (Terrain)

Figure 13. Raw Data + Control Input Features Model Confusion
Matrix (Class)

Figure 14. Raw Data + Control Input Features Model Confusion
Matrix (Terrain)
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