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Abstract—While automotive research plays a significant role
nowadays, most of the experimental activity demands costly
platforms and involves safety issues. Plenty of driving simulators
were proposed to reduce the costs and guarantee safety. However,
they still cannot reflect the physical world, resulting in subjective
assessments in any aspect of the study. This paper introduces
an affordable remote driving testbed based on small-scale car-
like mobile platforms and a physical road. The driver in the
remote driving station observes a real-time video taken from a
front-facing camera installed in the car. For a realistic driving
experience, we have developed a torque feedback mechanism
based on the small-scale car motion to mimic the influence of
the physical linkage between the front wheels and the steering
wheel of a standard car. This mechanism demands knowledge
of the car’s side-slip angle that is not directly measured. Here,
we introduce a supervised learning-based combined regression
model (RidgeCV and Bootstrap aggregating decision tree) that
estimates the side-slip angle for highly non-linear behavior.

Index Terms—Remote driving testbed, Torque feedback, Side-
slip angle, regression, Ridge cross validation, Bagging decision
tree (Bootstrap aggregating)

I. INTRODUCTION

Automotive industry witnesses a huge impact from the
digital era along with supported interdisciplinary research.
For any type of driving experiment, a physical vehicle and
a driver are generally needed. Besides the cost of using an
actual vehicle for experiments, the driver’s safety (or other
participants) is a subject of concern. Driving simulators based
on vehicle models and graphical animation are the common
solution. They provide a safe environment to study traffic
dynamics that involve human behavior [3]. Nevertheless, its
ability to provide drivers with the feeling of real-world driving
is still limited [4]. Although many of the simulation aspects
were improved to make the environment more realistic (such
as integrating Virtual Reality technology), the virtual world
is still “simpler” than the real world. Additionally, high-
resolution graphics increase the processing load drastically
[28]. Another important factor is that the interaction with
autonomous cars is only simulated based on computational
models which may not be realistic, especially due to the rapid
progress in this field [30]. In order to resemble realistic vehicle
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dynamics, efforts were made to develop vehicle models that
integrate into a virtual reality simulation [3], [22]. However,
these models still need to be validated in real driving [22]
conditions. This is reasonable, because the model, regardless
of its complexity cannot represent the real physical world
exactly with its nonlinear and uncertain nature.

This paper introduces a new approach to experiments in-
volving human driving that is affordable and safe but still
reflects the physical effects of actual driving. Our testbed
includes small-scale car-like mobile platforms, a small road
and remote driving stations. The car is a 1/10th model of
a real car, and the remote driver sees a video taken by a
camera installed in the moving car. The goal is to provide the
drivers with a driving environment that resembles the driving
experience of a real car.

Due to the mechanical decoupling of the remote steering
wheel and the car’s front steering mechanical system, the
remote driver does not experience the forces acting on the
steering wheel due to the car’s motion. The same prob-
lem characterizes other steer-by-wire systems [17], and it
is generally solved by adding a torque feedback actuator
at the steering wheel side. The actuator applies forces that
mimic the forces the driver experiences when steering the
front wheels mechanically (as is the case of a standard car).
Torque feedback plays a significant role in actual driving
[1]; it allows better curve negotiation [5], provides the driver
with an improved orientation in tight turns [7] and adds
stability to lane-keeping controllers [19]. For these reasons, a
torque feedback mechanism at the steering station is needed.
However, calculating the required torque from a conventional
car model is based on the car’s side slip angle that is not
measured directly [1]. The vehicle side-slip angle describes the
direction of the car’s velocity at its center of gravity, measured
with respect to the car frame. It is defined as follows,

β = − arctan(
vy
vx

). (1)

where vx and vy are the longitudinal and lateral velocity
elements.

The side-slip angle is a key state variable that is utilized
for vehicle stability control [6] and driver assistance sys-
tems design [11]. Also for autonomous cars, slip angle is a
significant variable needed for steering control [20], Robust
anti-sliding control [15], and path following [16], [26]. It is
prerequisite information used in the calculation of the tire
forces, which eventually determines the motion of the car [32].
Nevertheless, professional devices that can provide side-slip



angle information are expensive or based on GNSS technology
that is not available indoors [32]. Therefore a low cost and
effective side-slip angle estimator is essential [27].

To support our driving simulator, we have developed a
data-driven side-slip angle estimator that is based on onboard
simple sensing devices. The estimator is trained by zigzag
driving that reflects high slip angles and nonlinear behavior
(which makes the estimation more challenging compared to
estimation in linear conditions [29]). The obtained side-slip
angle is used to calculate the needed torque feedback at the
driver steering wheel in real-time conditions. As the testbed
is deployed indoors, a simple approach is suggested for side-
slip angle measurements in the learning phase, based on tiny
onboard Lidars.

There are three contributions to this study.
1) A new approach to driving simulators, based on remote

driving and small-scale physical equipment. The testbed
was designed for minimal latency in the transmission
of control commands and video streaming, to provide a
real-time experience.

2) A data-driven side-slip angle estimator for nonlinear
driving conditions.

3) An approach to apply torque feedback in remote driving
stations, based on steer-by-wire technology.

The structure of the paper is as follows. It starts with the
description of related work in section II, divided into three
subsections according to the three mentioned contribution
items. The proposed methodologies are given in section III,
while results and summary discussions are presented in section
IV. Then, section V concludes the paper.

II. RELEVANT STUDIES

A. Driving testbeds

The idea of a laboratory small-scale testbed is already
known in the field of autonomous driving [8], [18]. Filho et. al
[13] implemented the mixed platoon situation (both manually
driven and autonomous cars together), but its manually driven
cars (e.g., th leader of the platoon) was in fact driver-less.
Liu et. al [24] conducted a remote manually driving experi-
ments under LTE network to evaluate the influence of latency
on driving performance. The authors of [24] showed that the
latency, if high enough, significantly affects driving activity;
hence it is advisable to minimize latency (e.g., by a 5G
network). Nevertheless, Liu et. al [24] does not specify how
they implemented the torque feedback, which also plays a
significant role in the driving activity.

B. Torque feedback

From the work of Balachandran et. al [1], the steering motor
torque can be directly fed back at the driving station. It is
indeed a realistic feeling but this torque depends on uncertain
hardware properties, if it is not measured directly. Another
approach exploits physical model abstraction (of a spring, in
this case) to create torque feedback that is speed dependent.
However, Balachandran et. al [1] mention these approaches as
low-fidelity as they cannot capture all elements of the steering

feel, but they agree with their relatively easy implementation.
Higher fidelity models on the other hand, as suggested by
Balachandran et. al [1], can capture better the elements of
the steering feel but hard to tune due to the many model
parameters involved.

A recent idea in [10] aims to estimate torque feedback from
a tire brush model with the information of the steering rate.
Even though its need for low-speed conditions and the vertical
load distribution, it has shown a promising direction, indicating
that supervised machine learning techniques can be involved
in estimating torque feedback of a conventional car for a steer-
by-wire system.

In our study, the model of [1] was adapted since it ade-
quately restores the steering feel and the needed information is
accessible for real-time implementation. The main challenge is
the side-slip angle that [1] obtains from a GPS-based estimator,
which is not feasible for indoor conditions. This motivates the
following subsection about side-slip angle estimation.

C. Nonlinear slip angle estimation

The classical approach to side-slip angle estimation is based
on the system dynamical model and a Kalman filter. The linear
observer with a robust gain matrix proposed by Aoki et. al
[33] has shown a remarkable result, even for relatively high
slip angles of about 20 degrees (which reflects nonlinear be-
havior). Also Phanomchoeng et. al [14] suggested a nonlinear
observer with an impressive performance for high slip angles
(up to 20 degrees). Such estimation algorithms are powerful
and demonstrate how physics knowledge can be utilized for
estimation in nonlinear conditions. But they are challenging for
design and need extensive knowledge of system models [29].
Particularly, some of the needed information is not available
in our laboratory testbed. Furthermore, our over-steering slip
angle can reach 1 radian (about 60 degrees) in the tested
conditions, which were not covered by the last-mentioned
articles.

An alternative to physical models is based on data to create
data-driven models. Although Graeber et. al and Abdulrahim
[23], [29] with the traditional and recurrent network achieve
well-fitted curves of slip angle estimation, we assume that
complex models based on neural networks could be compu-
tationally expensive for real-time performance. If the torque
feedback is generated with phase lag, it has a negative effect
on steering stability and consequently the driving feel is not
realistic. Hence, we aim at other simpler supervised learning-
based regression. In [12], a simple linear regression reaches an
acceptable error of slip angle estimation. On the other hand,
[12] worked with a relatively small slip angle and close to
linear behavior, which is not suitable for our needs. While the
simple model of [12] has worked satisfactorily in simulations,
its realistic performance in the real world was not tested.

In the method suggested in [29], slip angles of about
40 degrees were estimated in snow conditions. Automotive
drifting experiments with slip angles that reached 60 degrees
are reported in [23]. The slip angle was estimated by a neural
network with a maximum error of about 20 degree (about 0.4



radian). More important, the estimator of [23], [29] can capture
the behavior of the slip angle variable with a limited error.

Inspired by [23], [29], we are suggesting a regression model
that can estimate large side-slip angles that can reach 60 de-
grees (about 1 radian). By that, we capture slip angle behavior
without the use of a neural network that could pose a challenge
for real-time applications. Our goal is to achieve a maximum
error similar to [23] while allowing real-time processing. The
driving maneuver we perform for learning resembles a zig-
zag motion and with the slow longitudinal velocity, generates
high slip angles and over-steering conditions. Such a maneuver
makes the side-slip angle behavior highly nonlinear [29], and
the estimation more difficult.

III. METHODOLOGY AND DESIGN

A. Driving testbed

Our design is depicted in Fig.1. The car is a 1/10 RC
car model with two control boards. An Arduino Mega is
directly connected to peripheral devices (such as the driving
motor, steering servo and all sensors), and through a bilateral
(UART) communication link exchanges information with a
Raspberry 4 (Pi4) single board computer. The Pi4 collects
streaming video from a front-facing Pi V2.0 camera and
exchanges data with the remote driving station via a 5G WiFi
network. Streaming is processed on open Source Gstreamer
API to ensure lowest latency. At the driving station, a Logitech
Gaming G29 steering wheel, pedals, and dedicated driving seat
are installed to make it a car-like driving station.

Fig. 1. Testbed design layout

B. Torque feedback calculation

The calculation of the applied torque feedback (notated by
τmotor) is based on the following model from [1],

τmotor = τdamp + τinertia +Kτassisted tire moment

where,
τinertia = −∆Jδ̈rw,

τdamp = −∆bδ̇rw,

τassisted tire moment = (τjack + τalign)Wf ,

and,

τjack =

{
−kdbδrw if |δrw| ≤ δdb
−kjackδrw − kdb(sgn(δrw)δdb) if |δrw| > δdb.

Here, kjack, kdb and δdb are the jacking torque spring
constant, the dead band spring constant and the steering dead
band.

The following relations are involved in the torque feedback
calculation,

τalign = −Fyf (tm + tp),

where,

Fyf = −Cαf tanαf (1+
C2
αf

3µFzf
|tanαf |−

C3
αf

27(µFzf )2
tan3 αf )

is the front wheels lateral force,

tp = tp0 − sgn(αf )
tp0Cαf
3µFzf

tanαf

is the pneumatic trail,

Wf = e

−α2
f

2σ2ps (1− γ) + γ

is the weighting function, and αf is the front tires slip angle.
The front tire slip angle αf and the vehicle side-slip angle

β are related in the following way

αf = tan−1(β +
ar

vx
)− δrw, (2)

where δrw is the front wheel equivalent steering angle, vx is
longitudinal velocity, r is yaw rate, and a is the distance from
the center of gravity to the front axle.

In the following, we list down the design parameters that
need to be tuned to achieve the desired torque feedback.

• ∆J is the inertia change.
• ∆b is the damping change.
• tm is mechanical trail and tp0 is pneumatic trail at zero

front slip angle.
• Cαf is the combined front tires cornering stiffness, µ is

the surface coefficient of friction, and Fzf is the front
tires vertical load.

• σps and γ are the standard deviation and the lower limit
of the weighting function.

For our design case:
• ∆b = 1Nm/rads−1, γ = 0.5,K = 0.7
• kjack = 3Nm/rad,Cαf = 1300N.rad−1, reflecting the

fact that the mass of the small-scale car is much smaller
than the mass of the actual car in [1].

• ∆J , if increases, will reduce the on center capability
and effective stiffness of the wheel (see [1]). The second
order derivative of δdb was set to zero in [1] (due to



numerical difficulties). Here, after turning, we set it to
0.002Nm/rads−2.

• tm is 10mm
• µ is set as 0.85 (similar to [1] and extracted from [2])
• tp0 is difficult to be measured and no information is

available regarding the remote car. Ref. [21] shows results
of curve fitting of side slip tests with a “Jilin” tire that if
the load is 4500N , tp0 is about 0.025, therefore we set
tp0 to 0.025mm while Fz is 150N (to fit the small scale
remote car).

• δdb is suggested to be 50% of the entire steering range
[2], so it was set to π

12 rad (with the range from π
6 to π

6 ).
• kdb is suggested to be close to kjack but with kdb < kjack,

so kdb was set to 2.8Nm/rad.
• σps is selected as 0.01 to fit a typical weighting function

(see [1]).
• a is taken as half of the vehicle’s wheelbase, that is

0.11[m] for the case of the small-scale car.

The yaw rate r is measured by an IMU, while the equivalent
steering angle δrw is assumed a linear function of the steering
wheel angle that Logitech SDK reports. Lastly, the front tire
slip angle αf is a function of the vehicle side-slip angle β (see
(2)) that is estimated by the method suggested in the following
sub-section.

C. Real-time nonlinear slip-angle estimation

As stated before, we look for a regression model that is
simple, but can still represent the non-linear behavior of high
slip angles. To limit the computational load in real-time, the
selected approach is not based on a Neural Network.

1) Decision tree regression with CART algorithm: The
Classification and regression trees (CART) [9] is a widely used
algorithm to solve both classification and regression based on
a decision. CART goes through all samples of every feature
in the data-set with the option of ”splitting” the tree into
different nodes for certain indices. It then finds the index that
its splitting contributes the best performance metric, which is
confirmed as the ”splitting” index. That process is repeated at
split nodes (and sub-nodes if they exist) separately until the
stop criteria are satisfied. Then the tree is formed.

The difference between regression and classification, when
implementing the algorithm, is the performance metric. Mini-
mization of a Gini index for classification [31] and minimiza-
tion of the error between the predicted and the ground truth
data for regression; sklearn (also known as Scikit-learn) uses
the mean squared error (MSE) as default.

The regression model can deal with non-linearity well and
does not require much computational power. Nonetheless,
over-fitting (when the training gives the best performance,
but the testing gives the worst), which could happen because
the tree tries to split the training data into the best groups as
possible, should be avoided. With a strict constraint, that if a
new testing data is out of the training range, it will be biased.

2) Ridge cross-validation (RidgeCV): The ridge
coefficients minimize the cost function,

min
w
‖Xw − y‖22 + α‖w‖22

that is a penalized residual sum of squares. The α is the
difference between the cost function of Ridge regression and
ordinary Linear Regression. Ridge cross-validation works by
tuning the α, which should not be too small (to not over-
fit) or too high (to prevent under-fitting). The cross-validation,
which randomly separates the training data into sub-training
and sub-testing data, keeps the trained model unbiased. The α
coefficient is chosen based on the best cross-validation it can
contribute. While RidgeCV can deal with over-fitting well if
α is properly chosen, it is a linear regression algorithm in
general. At the same time, our slip-angle estimator needs to
handle non-linear behavior.

3) Bagging: Bagging (or Bootstrap Aggregation) is one
of the Ensemble methods that use more than one decision
tree from several subsets of the original data-set by randomly
choosing and replacing logic. The final decision tree is the
averaging of several found trees. This approach reduces the
variance in a single tree to reduce over-fitting.

4) The combined regression: Our learning model combines
the decision tree-based CART, Ridge CV and bagging, which
can exploit the simplicity of all, the non-linearity of a decision
tree, anti-over-fitting of RidgeCV and variance reduction of
bagging. Bagging decision tree-based CART and RidgeCV are
trained separately and the final output is their average (voting
regression with weights that are [0.5,0.5] (see Fig.2).

Fig. 2. The data flow of the combined regression model. The data is trained in
2 separate regression models (RigdeCV and bagging decision) then the voting
regression averages the individual predictions to form a final prediction.

5) The referent slip angle: As mentioned earlier, our goal
is not to be based on expensive optical sensors or a GPS to
measure the slip angle as the ground truth for the learning and
evaluation phases. We propose a simple approach to obtain
accurate slip angle measurements based on dedicated (yet
simple) infrastructure. The same method can also be applied to
full-size cars. From [25] chapter 2 page 34, the lateral velocity
ẏ can be obtained by,

ė1 = vy +

∫ t

0

vxė2dt (3)



or

vy = ė1 −
∫ t

0

vxė2dt. (4)

Here,
• e1 is the distance error of the vehicle, from its c.g. to the

road centerline.
• e2 is the orientation error of the vehicle with respect to

the direction of the road.
In order to obtain e1 and e2, we have constructed a wooden

wall along a straight road section and installed two Time-of-
Flight (ToF) laser-ranging sensor on the car that measure the
distance of the car from the wall at two different locations
(see Fig.3 and Fig.4).

Fig. 3. The wooden wall built along a straight road section (at the left-hand
side)

Fig. 4. The car with two ToF sensors, measuring the distances to the wall
d1 and d2, respectively.

With this setup and the model of [25], e1 is the average
of d1 and d2 (i.e., the two sensors’ readings, see Fig. 4) and
e2 = arctan((d1−d2)/dsensors) with dsensors as the distance
between the two ToF sensors (which can be measured easily).
Then, rewrite (4) with discrete time integral approximation,

vy = ė1 −
t∑
0

vxė2∆T,

where ∆T is the sampling time, and use the following,

ė1 =
e1 − previous(e1)

∆T
, (5)

ė2 =
e2 − previous(e2)

∆T
. (6)

(with previous(e1) and previous(e2) as the values at the
previous sampling interval) to obtain practical estimation of
the errors rate.

Now, with the known longitudinal velocity vx (taken from
the driving motor encoder) and the estimation of vy , the vehi-
cle side-slip angle is calculated directly by (1). Zigzag driving
and slow longitudinal speed allow driving with relatively high
slip angles, which excites the car’s nonlinear dynamics.

6) Features and data: From the parameters of the linear
model in [33], the needed features (i.e, estimator inputs) are,
longitudinal velocity, steering wheel angle, yaw rate, lateral
acceleration, previous longitudinal velocity, previous steering
wheel angle, and previous yaw rate. The yaw rate r and the
lateral acceleration are measured by an onboard IMU (an UM7
Orientation Sensor). The longitudinal velocity is calculated
from quadrature encoder measurements of the driving motor
rotation, and the steering wheel angle is from the Logitech
SDK. Because of the limited length of the straight road section
(620 cm), the zigzag driving at this section was repeated, to
obtain a sufficient set of samples.

The general structure of the algorithm that runs at the
driving station (on a PC: Intel Core i7-8700 CPU, 3.20GHz,
16GB RAM) is described in Fig.5.

Fig. 5. Program running at the driving station. Two semaphore systems
are embedded to synchronize the incoming data from the main process and
a python based regression process, while the video streaming works as an
independent process

IV. RESULTS AND DISCUSSION

In the following, the testbed is shown first; then, the results
of the slip angle estimation, which are also an input of
the torque feedback algorithm, are discussed. Eventually, the
torque feedback mechanism is evaluated.

A. Testbed

Fig.6 demonstrates the onboard camera view that the driver
sees at the driving station. This photo was taken while per-
forming the zigzag driving, and the wooden wall can be seen
at the right-hand side.



Fig. 6. The onboard camera view

A demonstration of zigzag driving, seen from
the driver camera’s view, is found in demo link
(https://www.youtube.com/watch?v=jOtccs8pgaY).

B. Side-slip angle estimation

We have conducted 90 rounds of zigzag drivings along a
road section of 3940 samples for the training stage. Four more
zigzag drives (185 samples) have been done to collect data for
the testing stage. As the data we collected is in Radian with
small values, RMSE may not be sufficient (since its values
suppose to be small also), we therefore calculated R2 as the
percentage of accuracy, which is a relative measure of RMSE
that depends on the specific situation.

TABLE 1 shows the performances of different models and
how they fit the theoretical prediction. The decision tree alone
results with over-fitting (perfect training but worst testing),
bagging improves the variance and consequently reduces the
over-fitting, linear-based RidgeCV cannot represent the non-
linear characteristics of high slip angles and lastly, the com-
bined regression solution provides the best testing outcome.
The over-fitting of a single decision trees may also be observed
here. The others methods result with close RMSE but with
a significantly different R2, i.e., they have the same small
average error but different percentages of accuracy.

We have compared our result with Abdulrahim [23] since
they have shown estimations of the same scale of slip angles
using a neural-network based estimator. However, they con-
sidered neither R2 nor RMSE but the mean of error instead.
We, therefore, may intuitively conclude from the graphs that
they have a better RMSE (Fig.7). Nevertheless, our obtained
model can still capture the curve trend well (e.g., the points
in time when the slip angle changes direction). The maximum
error is 0.42 rad or about 24 deg, which is close to [23]. Fig.
7 also indicates some instability of our hardware configuration
that results in different outcomes between the tests. This issue
has influenced the amount of data collected for training.

In order to evaluate how good the regression model is, we
implemented a Kalman filter based on the linear observer in
Aoki, et.al [33], but without the calculation of a robust gain
matrix (due to unknown physical parameters in our system).
The necessary parameters were found by randomly picking

a bunch of samples and solving the linear equations. As
presented in Fig. 8, the estimator can recover the behavior
trend of the reference signal but with a phase lag. The
regression model suggested in this paper has shown better
performance for the same conditions.

C. Torque feedback generation

Balachandran, et.al [1] suggests evaluating the torque feed-
back from knowledge of the effective torque stiffness, the
steering sensitivity and the signal of the steering-wheel. Here,
since the velocity did not change much during the experiments,
only the effective torque stiffness is taken into account.

As Fig. 9 presents, we can find the effective torque stiffness
region (if the steering-wheel angle goes out of the region,
the torque is steady or even dropping down). As mentioned
by [1] (and demonstrated in the figure) the relationship out
of effective region may not be monotonic, due to the low
fidelity of the spring model mentioned in [1]. Fig. 9 also shows
asymmetric behavior, representing the mechanical asymmetry
of the testbed steering system. An empirical assessment of the
steering torque is not found here, nor in [1], and can be a
future research direction.

V. CONCLUSION AND FUTURE WORKS

In this study, we presented an experimental setup based
on a small-scale vehicle and a road. The testbed allows
an affordable, practical, and safe environment for research
in automotive topics, such as vehicle dynamic and driver
behavior in standard or mixed (automated with manually
driven vehicles) traffic scenarios. The testbed incorporates a
remote driving station with low latency video streaming to
provide the remote driver with a view captured from the car’s
windshield. To allow a realistic driving feel and because of
the physical decoupling between the steering wheel and the
actual steering system in the car, torque feedback was added
artificially by a torque feedback motor. Calculating the needed
torque requires knowledge of the vehicle’s side-slip angle, and
for this purpose, we have proposed a data-driven estimator.
Various machine learning techniques were combined, and
dedicated road infrastructure was used to learn the estimator
model. Future research will include the subjective experience
of participants (i.e., drivers) and comparison with standard,
completely software-based, driving simulators.
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