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Abstract: System identification of a Two-Wheeled Robot (TWR) through nonlinear dynamics is
carried out in this paper using a data-driven approach. An Artificial Neural Network (ANN) is
used as a kinematic estimator for predicting the TWR’s degree of movement in the directions of x
and y and the angle of rotation Ψ along the z-axis by giving a set of input vectors in terms of linear
velocity ‘V’ (i.e., generated through the angular velocity ‘ω’ of a DC motor). The DC motor rotates
the TWR’s wheels that have a wheel radius of ‘r’. Training datasets are achieved via simulating
nonlinear kinematics of the TWR in a MATLAB Simulink environment by varying the linear scale sets
of ‘V’ and ‘(r ± ∆r)’. Perturbation of the TWR’s wheel radius at ∆r = 10% is introduced to cater to the
robustness of the TWR wheel kinematics. A trained ANN accurately modeled the kinematics of the
TWR. The performance indicators are regression analysis and mean square value, whose achieved
values met the targeted values of 1 and 0.01, respectively.

Keywords: multiple-input multiple-output (MIMO); system identification; neural network
implementation; neural networks; nonlinear systems; two-wheeled robot (TWR); multi-layer perceptron

1. Introduction

This research aims to accurately model the dynamics of a Two-Wheeled Robot (TWR)
using a data-driven approach through its nonlinear kinematics. An Artificial Neural Net-
work (ANN) was used as a dynamic model for predicting the TWR’s degree of movement
and angular rotation. ANN learning datasets were obtained from the fundamental kine-
matics of the TWR, which is nonlinear. Results show that the ANN accurately modeled the
dynamics of the TWR.

The literature revealed that robotics played a vital role in the advancement of many
research domains, such as Modeling and Controls [1–3], Signal Processing, and Measure-
ment and Instrumentation [4]. With the advancements in control engineering, Autonomous
Wheel Robots (AWR) are mostly used in hazardous areas where human intervention is not
permissible [5]. Moreover, the feedback control system design that is developed for AWR is
simpler compared to legged robots [6,7]. The dynamics of an autonomous TWR are similar
to an inverted pendulum. Therefore, a TWR is nonlinear and unstable in its kinematics
motion [8] and thus difficult to capture through experimental observations. Moreover,
designing the control system requires an accurate estimation of AWR/TWR [9]. In this
study, the ANN was adopted as an estimator for TWR dynamics, which was identified
through a data-driven approach that was achieved from a nonlinear model of the TWR.

System identification using experimental datasets and datasets run through the non-
linear mathematical model make space for intelligent control systems. While designing
a nonlinear control system does not require complex mathematics, system identification
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using measured input/output datasets requires experimental design, experimental data
analyses, and selection of the appropriate model structure based on standard criteria such
as AIC, parameter estimation of a known structure model, and model validation [10]. There
are several methodologies used for system identification using a data-driven approach,
such as a time series model (e.g., ARX [11], the grey-box model [12], and the black-box
model, i.e., ANN [13]). To reduce complexity when designing Nonlinear Control Systems,
we adopted a system identification using the black-box model and trained the ANN as the
estimated model of a TWR dynamic using datasets acquired from the simulation studies of
the nonlinear dynamics of a TWR. System identification of a two-wheeled, self-balancing
robot was performed using the experimental datasets in two different phases [14]. This
study compares linear models such as ARX, ARMAX, Bl, and OE with nonlinear models
such as Wiener and Hammerstein. In all analyses, it is shown that executing saturation
as an output nonlinearity block in a Wiener-type model structure is capable of modeling
highly nonlinear systems with acceptable accuracy. Many autonomous TWR systems
used for desired-trajectory tracking are developed using reinforcement learning (RL) with
conventional control techniques that balance and self-control the TWR [15–20]. These
techniques do not require supervised learning; most require the real-time experience of a
robot that learned the environment and planned the trajectory. However, unsupervised
learning, i.e., RL, faces stability issues because of robotics kinematics [21]. Thus, an ex-
pert system based on a sensory, data-driven approach may require information on TWR
kinematics. Thus, prior to designing the control law for a TWR system, an ANN must be
supervisory-learned and replicate the TWR kinematics. System identification of a TWR
using an ANN at a single operating condition was carried out in [13]. In this scenario, the
ANN modeled the TWR kinematics when the input linear velocity of the DC motor was
constant. Recently, we identified the TWR kinematics using a nonlinear time series model
by generating the datasets at various operating conditions [22]. The identified dynamics
validated the fundamental nonlinear kinematics of the TWR. However, this technique could
not be utilized for designing the ANN-based control system.

In this paper, the dynamics of a nonlinear TWR are accurately modeled by training
a multilayer ANN using the datasets that were obtained in [22]. The obtained results
indicate that the ANN accurately modeled the behavior of TWR kinematics. The paper
outline is described as follows: Section 1 describes the introduction to the presented work
and also briefly reveals the literature review relevant to the TWR kinematics for modeling
and controls. Section 2 discusses the adopted methodology that was used for the system
identification of a TWR. Section 3 briefly explains the fundamental nonlinear model of a
TWR, which is used for obtaining the input/output datasets. Section 4 describes the ANN
estimation using the datasets that were obtained from the nonlinear model of the TWR.
Section 5 presents the simulation results, and Section 6 concludes the obtained results.

2. Methodology for System Identification of TWR

The nonlinear differential equations that represent the input/output dynamic of a
TWR were implemented in Simulink. The training datasets at various operating conditions
were achieved via the nonlinear kinematics of TWR. Each dataset consisted of more than
600 samples. The operating conditions were varied in terms of linear velocity ‘V’ of a
DC motor and the perturbation of the radius of a wheel ‘∆r’. This perturbation, the
variation from the actual radius of a wheel ‘r’ of a robot, was about ±10r. The obtained
simulation dataset was exported to MATLAB workspace for analysis and ANN training
purposes. ANN in a feedforward network had hidden layer with 100 neurons between
inputs and outputs layers. A total of 70% of the acquired datasets was used for training,
while 30% was used for validation and testing purposes. Comparative analysis between the
acquired datasets and the estimated datasets was carried out using regression analyses and
computing Mean Square Error (MSE) at various operating conditions. Regression analysis
achieved a value of 1, and MSE achieved a value of 0.01. Both performances measured
achieved the desired benchmark.



Electronics 2022, 11, 3584 3 of 9

3. Dynamics of a Two-Wheeled Robot (TWR)

The dynamics of the TWR are considered when it is moving on a planar surface, and
its diagram is shown in Figure 1 [13].
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Figure 1. Dynamics of TWR on a planar surface and velocity diagram.

The TWR’s motion changes with respect to time, so its position coordinates (both x
and y) and orientation angle Ψ are represented by Equation (1) given below.

O =

 x
y
Ψ

, (1)

The wheels of the TWR are driven by two high-torque DC motors; both motors have a
difference in rotational speed, which enables the TWR to move with a linear velocity ‘u’
and an angular velocity ‘r’. Velocity ‘u’ is along the y-axis, while velocity ‘v’ is along the
x-axis. The differential equations, which describe the position coordinates and orientation
angle, are represented by Equations (2)–(4).

.
x = u cosΨ − v sin Ψ, (2)

.
y = u sinΨ + v cos Ψ (3)

.
Ψ = r (4)

4. System Identification of TWR Using Artificial Neural Networks

Firstly, the work on neurons was presented by a neurophysiologist named Warren
McCulloch and a mathematician named Walter Pitts in 1943 [23]. They published their
work in a paper explaining how the neuron functions. They validated their concepts by
modeling a simple neural network using electrical circuits. Their presented model of the
neuron is named the McCulloch–Pitts (MCP) neuron, which played an important role in
the development of ANN. Some additional features were added to this model, as it has
some shortcomings. Later, in 1958, the concept of a perceptron was introduced by Frank
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Rosenblatt [24]. It is actually an MCP neuron, and the inputs are initially passed through
some preprocessors called ‘association units’.

An ANN is a complex network used to represent artificial neurons. It receives the
data as the input signal and processes it through a complex neuron structure to obtain
the desired output. The available input/output datasets are used to train the ANN. There
are three types of learning categories: supervised learning, unsupervised learning, and
reinforcement learning. In supervised learning, input and output data and labels are fed to
algorithms. They then predict the desired results based on the training patterns between
input and output. In unsupervised learning, there are no labels, and output is identified
according to the patterns identified by the neural network within the data. It means there
is no human involvement in unsupervised learning. In reinforcement learning, there is a
feedback element that is provided by the human to the neural network as to whether the
prediction is right or wrong.

The basic building blocks i.e. artificial neuron or perceptron consist of input, weight,
bias, activation function, and output. The neuron is fed with multiple inputs and gives
a single output. A neural network has layers of neurons, namely input layers, hidden
layers, and output layers, respectively. The input data are received by the input layer,
computations are performed by the hidden layers, and at last, the output layer predicts the
output [25]. Figure 2 represents the working scenario of ANNs for the system of a TWR.
On the left side, there are three inputs, which are fed to the ANN as the input layer and
then passed on to the hidden layer with 100 neurons. The ANN is trained for the respective
outputs so that it can correctly predict the true outputs, when they will be validated, and
tests new inputs.
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Figure 2. Schematic diagram of ANN of TWR.

In the input data, weights are assigned to each input to convert those inputs into
hidden layers. Weights are multiplied with the input data, and their sum is provided to
neurons present in the hidden layers. The neuron is then fed with a bias value. All the
values are summed up and then transited through an activation function. The activation
function decides whether a specific neuron becomes activated or not. If a neuron is activated,
its information is transferred to other layers until it reaches the output layer. Overall, this
whole work is summed up [26] in Figure 3.
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5. Simulation Results

The nonlinear kinematics, Equations (2)–(4), of a TWR, were modeled in Simulink,
and a dataset of 673 samples was acquired. This whole dataset is made up of samples taken
under 12 different conditions with varying values of the linear velocity of the DC motor
and radius. The sampling period was 0.25 s. Each dataset has different values of radius ‘r’
and linear velocity, thus having different output values. This radius ‘r’ converts the rotation
of the high-torque DC motor into linear velocity ‘v’ along ‘x’ and ‘y’ directions according to
a well-known formula given by Equation (5).

V = rω (5)

where ‘ω’ shows the angular velocity of the DC motor.
Both wheels of the TWR were operated by high-torque DC motors, and the rotation of

both motors covered the linear displacement along the x- and y-axis. Angular rotation was
measured along the z-axis, and displacement along the z-axis was zero.

In ANN training, inputs and outputs were fed separately after acquiring the data in
the workspace. The neurons in the input and output layers are three, as for this system,
there are three inputs and three outputs. The number of hidden neurons was heuristically
selected as 100 to reach the desired goal of minimum MSE and maximum regression
value. The network chosen was a feedforward network. The training algorithm chosen
for this system was ‘Levenberg–Marquardt’ because it takes less time but more memory.
In total, 470 samples were taken for training purposes, while 101 samples were taken for
validation and testing. The performance of the training state is shown in Figure 4. It shows
the response of the gradient curve, the Mu parameter (i.e., the control parameter for the
algorithm), and how it directly affects the error convergence value. The gradient value is
0.19114 at an epoch of 1000, the value of the control parameter is 0.001 at an epoch of 1000,
and validation fails are 0 at an epoch of 1000. The training was terminated at the 1000th
epoch due to the maximum number of epochs being reached, i.e., a hyperparameter that
was set in tuning, as shown in Figure 4.

The results of the MSE for training, testing, and validation are shown below in Table 1.

Table 1. Results of tuning ANN of TWR.

Results Samples Mean Square Error (MSE) Regression (R)

Training 470 1.66340 × 10−3 9.99999 × 10−1

Validation 101 2.80631 × 10−3 9.99999 × 10−1

Testing 101 2.20462 × 10−3 9.99999 × 10−1
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According to the results given in Table 1, in all three phases, the minimum value of
mean square error goes to 10−3. The regression values extracted for this trained ANN show
that the model is close to the ideal one, as its value is 0.99999. A plot of MSE is shown in
Figure 5, which shows the best validation performance of an MSE of 0.028063 that was
achieved at epoch 1000. This figure depicts how the MSE value varies.
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Figure 5. Best Validation Performance.

Figure 6, given below, was plotted from the the Neural Network toolbox in MATLAB,
which shows how many errors in training, testing, and validation are close to the zero level,
as shown in orange. Blue is for the training phase, green is for validation, and red is for the
testing phase. These depict the minimum values of error levels. In Figure 6, the maximum
error goes up to 0.0397, which is close to the zero-error level, and it cannot be achieved for
a real-time database.
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If we talk about the regression values, ideally, the value is ‘1’, which is shown in the
plots of regression given in Figure 7. The circles show the samples, and if the circles are on
the center-fit line, it means that targeted values and outputs match. The closer a sample
is to the fit line, the higher the regression value will be for that particular phase. All the
responses of regression give the value of ‘1’, and the case is similar for the overall regression
analysis response for the combined phases.
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6. Conclusions

System identification of a TWR is presented in this paper using a feedforward ANN.
From the Simulink environment, input/output datasets at various operating conditions are
obtained from the simulated kinematics of the TWR. In a previous study, training an ANN
in a feedforward network was achieved using a single operating condition when the values
of V and r of the TWR were fixed. In this paper, 12 different datasets were acquired based
on varying the values of all the inputs. Supervised learning was performed for the ANN
as the labels of inputs and outputs were provided. The system was trained, and 30% of
the dataset was kept for validation and testing purposes so our system could be verified in
terms of MSE and regression parameters. The MSE and regression analysis discussed in the
previous section show that the ANN fully captured the dynamics of all three outputs of the
TWR up to a maximum level. The drawbacks of the previous methods are fully covered,
and an almost ideal value of regression, i.e., 0.9999, was achieved in all three categories.
Furthermore, a less complex and more efficient method was used to model the dynamics of
the TWR, which is more appropriate than previous research work [13].

The adopted methodology for system identification exhibits an outstanding estimation
of the TWR nonlinear kinematics. Comparative analyses between the validation datasets
and the estimated datasets achieve the desired benchmark in terms of regression analysis,
which is 1, and an MSE of 0.01. Furthermore, the accuracy in terms of MSE and regression
value is far better than the one presented in [13]. Results prove that the ANN proposed
in this paper gave the most optimal performance for training, the validation dataset, and
testing datasets. The limitations of the paper are that a slightly higher number of neurons
are used in the tuning phase, which can be reduced in the future to obtain enhanced
performance in terms of regression value and MSE.
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