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Abstract

This paper presents a real-time system identification method for unmanned
ground vehicle (UGV) using a System Identification (SI) approach. The online
System Identification approach is introduced to select and estimate the significant
parameters of unmanned systems, thereby enhancing the dynamic performance
of an adaptive control system. The technique is demonstrated using a rover
vehicle. A Recursive-Least-Square (RLS) algorithm is applied to estimate the
unknown parameters. Additionally, a self-position controller based on continuous
estimation of rover parameters is designed and evaluated. The simulation results
show that the developed model using SI satisfies the rover model. Moreover, the
developed self-position controller has a high performance.

Keywords: Recursive Least-Square, System Identification, self-tuning, adaptive

1 Introduction

Unmanned ground vehicles (UGVs) are expected to replace humans in a wide range
of applications due to their numerous advantages in both civil and military domains,
including rescue missions and surveillance operations. Consequently, the UGV autopi-
lot is considered one of the most critical parts. However, developing an effective
autopilot is a complex task, as it involves managing numerous interdependent variables
that must be carefully considered and addressed [1].
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The importance of the mathematical model is considered a critical part in the devel-
opment, so the autopilot modelling attracted great attention due to high-reliability
validated mathematical models. Modelling of such systems mainly relies on two main
approaches, the physics-based technique and the system identification (SI) technique.
In the system identification (SI) approach, the unmanned ground vehicle (UGV) is
treated as a whole system. It relies on real-world maneuvers during which input and
output data are recorded. Based on this data, a validated model of the underlying
system can be estimated [2] as discussed in [3–7].

SI is particularly effective in addressing significant problem especially in the field
of autonomous systems. This approach was introduced to investigate the performance
of the system. Consequently, the system model can be estimated by monitoring its
input/output signals [8]. The underlying system can be accurately defined by analyzing
the relationship between the input and output data, for example kinematic modelling
and the calibration of robotic systems [9–13]; parameter identification [14–17], NN-
based SI [18–22]. and the prediction of the environment [23].

The design of controllers for unmanned ground vehicles (UGVs) has been widely
investigated in numerous studies. For example, advanced control techniques such
as Model Predictive Control (MPC) and adaptive control have proven effective in
addressing the complexities of such systems leveraging human expertise about sys-
tem dynamics [24–26]. Moreover, these controllers offer the advantages of efficient
computation time and improved system performance, as demonstrated by Ouda [27].

Closed loop identification algorithms are direct, indirect and joint input-output as
introduced by [28, 29]. Therefore, in this paper, each algorithm will be discussed in
addition to appropriate system identification techniques used for implementation.

In the first direct approach, both the input and output of the system are mea-
sured, as illustrated in Fig. 1. In this configuration, no feedback is applied. The main
advantage is that there is no need for system knowledge [30–33].

Fig. 1: Direct approach

The second closed-loop approach considers the indirect approach as shown in Fig. 2.
In this case, the closed loop system Gcl can be estimated using the measured input and
output. Thus, the TF of plant P can be estimated using the form Gcl =

C·G
1+C·G·F

[34].
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The third approach is the joint input-output, as shown in Fig. 3; this SI method

can be obtained as follows: y

(

y
u

)

= Ar + Bn where A is comprised of two models,

Gcl is the closed loop model. Subsequently, the model P can be obtained using this
form, P = Gcl

Gru

.

Fig. 2: Indirect approach Fig. 3: Joint input-output approach

This paper discussed the development of online closed-loop technique for estimating
the model parameter of UGV along with the implementation of an adaptive control
scheme. The input/output signals of the UGV are thoroughly verified and evaluated.
Subsequently, a Fuzzy Logic Controller (FLC) is implemented to effectively control
the UGV, ensuring dynamic and robust performance.

2 Remotely Operated Vehicle

A remotely operated UGV shown in Fig. 4 was developed in the robotics lab at the
University of Carleton. It utilizes the Romeo microcontroller; an all-in-one platform
specifically designed for robotics to facilitate easy development of open-source robotic
applications.

(DFRduino) provides many advanced versions of the Romeo controller. The version
used for this experiment is “DFRduino Romeo V1.0”. Fig. 5 shows a glimpse of the
controller.

2.1 Motor Control System (MCS)

The Arduino Romeo robotic controller is an open-source platform that features a ded-
icated motor power supply and a bidirectional DC motor driver. The separate motor
power supply is specifically designed to provide power exclusively to the motor con-
trollers, thereby ensuring that other devices, such as the ATmega328 microprocessor,
receive an independent and stable power source. The schematic of the motor control
pin jumpers and the motor DC outputs is shown in Fig. 6.

In Fig. 7, the gray and the orange cables go to motor 2 on the left and the gray and
the black cables go to motor 1 on the right. These motors were controlled by passing
a value in the range of 0:200. The passed value denotes the frequency-to-input-voltage
ratio.
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Fig. 4: Remotely Operated Vehicle Fig. 5: (DFRduino) Robotic
microcontroller

Fig. 6: Motor control jumpers and pins

2.2 Accelerometer – Robot Assembly

To achieve obstacle avoidance and position control for the developed robot, an
accelerometer was installed as shown in Fig. 8, to measure the instantaneous acceler-
ation along the three coordinates (X, Y and Z). The acceleration data is integrated to
obtain instantaneous velocity and then integrated again to determine the correspond-
ing position. A Kalman filter was applied to enhance the azimuthal data in the yaw
plane, effectively reducing noise and improving measurement precision.

4



Fig. 7: Motor Control connection system on the Arduino Romeo robotic board

Fig. 8: Accelerometer – Robot assembly

3 Offline Open Loop (OL) System Identification

System identification (SI) is a methodology used to model the dynamics of a system
based on i/o data obtained through experimental investigation. SI is able to build
mathematical model of dynamical system. SI has five steps that should follow in order
to estimate the system models.

SI using parametric identification algorithm model structure is illustrated in (1).
These parameters can be estimated by monitoring the i/o data. Furthermore, this algo-
rithm is able to provide a large variety of describing the underlying system dynamics,
where Y(Z) is defined as follows.

Y (z) = G(z)X(z) +M(z) (1)

Consequently, (1) can be rewritten as in (2); where Y (z) is the ny output, X(z) is
the nx input, E(z) is the transformation of a white noise ∈ (t), G(z) is the transfer
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function of the system, and H(z) is the stochastic behavior of noise.

Y (z) = G(z) X(z) +H(z)E(z) = (N(z))/(D(z))X(z) + (A(z))/(B(z))E(z) (2)

UGV model can be estimated by applying different estimation models. For this
experiment, the best fitted model output is obtained by Auto Regressive with
Exogenous Input (ARX) model.

The ARX model described in (3) is the simplest estimation model as shown in
Fig. 9. The main disadvantage of this model is the disturbance model (1/N(z)). Con-
sequently, this issue can be solved by higher orders coefficients of terms A, B, where
the signal to noise ratio is acceptable.

D(z)Y (z) = N(z)X(z) + E(z) (3)

Several experiments were conducted using different input values to estimate the
plant transfer function with the ARX model. In this approach, the input was defined
as the frequency-to-voltage ratio, while the output corresponded to the instantaneous
velocity obtained by integrating the acceleration measured from the accelerometer.
The experimental setup, illustrated in Fig. 10, was used to estimate the open-loop
plant dynamics, which include the motor, gears, robot structure, and sensors.

Fig. 9: ARX model
Fig. 10: OL Experiment

Sample results are illustrated. This sample experiment is done in one second via
input frequency in a ratio to the input voltage equal 200. The obtained acceleration,
velocity, and position in inches are illustrated in Fig. 11. The velocity profile clarifies
that the transfer function concerning velocity to input relation is best expressed as
first order transfer function. Fig. 12 concerning the open loop transfer function reveals
the same result. The obtained plant transfer function can be illustrated in (4).

velocity

input
=

61.49

s+ 8.619
(4)

The same experiment has been repeated via input frequency in a ratio to the
input voltage equal 150, 100 and 50. The step response of the estimated plant models
from sampled experiments is shown in Fig. 13 which clarifies that the estimated plant
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(a) Acceleration (b) Velocity

(c) Position

Fig. 11: Open Loop Experiment Results ((a) Acceleration, (b) Velocity, (c) Position)

transfer functions from sampled experiments have nearly the same response and the
estimated transfer function via 1st experiment.

4 Recursive Least Square Online Estimation

Assuming the system described by the (SISO) system:

A(z−1)y(t) = B(z−1)(u(t− d0) + v(t− d0)) (5)

whereA(z−1) = 1 + a1z
−1 + ....+ anz

−n and B(z−1) = b0 + b1z
−1 + ....+ bmz−m,

m = n− d0, y is the output, u is the input of the system, and v is a disturbance.
The least-square technique is widely employed in SI. The methodology minimizes

the sum of squares differences between observed and predicted values in order to
select the unknown parameters of the mathematical model. The derivation of the ana-
lytic solution is discussed in [35]. Consequently, real time data observation is obtained
sequentially. In addition, the recursive estimation algorithm minimizes the compu-
tational time using obtained results at time t to get the estimation at time t+1.
Therefore, RLS estimation method is introduced. The process model in (5) can be
written as follows:
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Fig. 12: Measured Velocity and Estimated ARX Models

Fig. 13: Estimated Plant Step Response

y(k) = −a1y(k−1)−a2y(k−2)−........−any(k−n)+b0u(k−d0)+......+bmu(k−d0−m)
(6)

Due to the linearity of the model parameters, therefore, we obtained the following
form:

y(k) = ϕT (k)θ (7)

where θ = [b0, b1, .., bm, a1, a2, .., an]
T , ϕ(k) = [u(k − d0), .., u(k − d0 − m),−y(k −

1), ..,−y(k − n)]T . The recursive least square estimator is given by:

θ̂(k) = θ̂(k − 1) +K(k)
[

v(k)− φT (k)θ̂(k − 1)
]

K(k) = P (k − 1)φ(k)
(

I + φT (k)P (k − 1)φ(k)
)

−1

P (k) = P (k − 1)− P (k − 1)φ(k)
[

I + φT (k)P (k − 1)φ(k)
]

−1
φT (k)P (k − 1)

(8)
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4.1 Closed Loop Estimation

The experiment described in Section 3 will be repeated for a closed-loop plant. An
offline system identification procedure based on the ARX model will then be applied to
determine the plant’s transfer function. The estimated robot transfer function for all

the experiment period can be considered as v(s)
in(s) = 90.74

s+47.43 which can be represented

in discrete form as v(z)
in(z) = 0.1731

z−0.9095 . Then, applying a recursive least square method

for the whole data extracted from a closed loop experiment, the obtained results will
be shown in Figs 14–16.

(a) a1 Parameter (b) b1 Parameter

(c) Standard Deviation

Fig. 14: Closed Loop (CL) Experiment

Finally, the estimated plant dynamics has a discrete form as v(z)
in(z) =

0.1659
z−0.9122 which

can be represented in continuous form as v(s)
in(s) = 86.81

s+45.97 . This is a coincidence with

estimated one via off-line experiment expressed earlier in this section.

4.2 Effect of Varying the Covariance Matrix

The effect of the covariance matrix is illustrated in Fig. 15. It shows that the covariance
matrix has a slight influence on the convergence rate of the estimated parameters,
but this effect remains within a certain limit. In this experiment, when the covariance
matrix was increased beyond this limit po = 1X1012 the process became unstable.
The obtained results can be summarized as follows:
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(a) a1 Parameter (b) b1 Parameter

(c) Standard Deviation

Fig. 15: CL with varying covariance matrix

Table 1: CL with a varying Covariance matrix

Covariance matrix [po = 1X10] [po = 1X106] [po = 1X109] [po = 1X1012] [po = 1X1015]

Parameter a1

Desired −0.9095 −0.9095 −0.9095 −0.9095 −0.9095
Obtained −0.9085 −0.9089 −0.9092 Unstable Unstable

Parameter b1
Desired 0.1731 0.1731 0.1731 0.1731 0.1731
Obtained 0.1723 0.1727 0.1729 Unstable Unstable

Standard Deviation
Desired 0.79 0.79 0.79 0.79 0.79
Obtained 0.785 0.786 0.789 Unstable Unstable

4.3 Effect of Varying the Forgetting Factor

The effect of decreasing the covariance matrix and the corresponding results are shown
in Fig. 16. The figure illustrates that reducing the covariance matrix influences the
convergence rate of the estimated parameters, but this effect remains within a specified
limit. In this experiment, when the forgetting factor was decreased to 0.8, the process
became unstable.
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(a) a1 Parameter (b) b1 Parameter

(c) Standard Deviation

Fig. 16: CL with varying forgetting factor

Table 2: OL with a varying forgetting factor

Forgetting factor [λ = 1 λ = 0.9 λ = 0.8 λ = 0.7 λ = 0.6

Parameter a1 Convergence Sample 62 58 Unstable Unstable Unstable
Parameter b1 Convergence Sample 65 60 Unstable Unstable Unstable
Standard Deviation Convergence Sample 73 69 Unstable Unstable Unstable

5 Self-Position Control

Considering the closed-loop experiment illustrated in Fig. 17, the estimated plant
encompassing the motor, gearbox, robot, and accelerometer is represented by
velocity
input

= 61.49
s+8.619 . The gain ratio used to convert the raw measured position into its

equivalent value in meters is defined by gain ≈ 0.025.
Two simple controllers are designed, one is a fixed controller, and the other is a

gain scheduling self-position controller. The comparative study is presented in the next
subsection to emphasize the benefits of online system identification used in self-position
controller.
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Fig. 17: Closed Loop Experiment

5.1 Design of Fixed Controller

The controller is designed as a proportional controller with gain k. The closed-loop
transfer function can be expressed as y

r
= 1.53725K

s2+8.619s+1.53725K . By comparing the coef-
ficients of this transfer function with those of the standard second-order system, given

by ω2

s2+2ζωs+ω2 , the desired damping ratio is determined, which in turn yields the cor-
responding natural frequency ω ≈ 3.747 and the resulting controller gain, as shown in
(K ≈ 9.135).

5.2 Design of Self-Position Controller

The Self-Tuning Regulator (STR) can be regarded as an identifier-based adaptive
controller, as illustrated in Fig. 18. The block labeled “Estimator” performs online
estimation of the process parameters using least squares method. The block labeled
“Controller design” represents the online computation of a control law based on either
known or estimated parameters, producing a controller that is implemented within
the feedback loop. The system can be observed as an automation of processing mod-
elling/estimation and design, in which the process model and the control design are
updated at each sampling interval.

Fig. 18: Block diagram of Self position regulator

The designed controllers were implemented in a real experiment with the desired
position to be 12 [m]; the results are shown in Fig. 19.

The above results clarify that the designed self-position controller has a good
performance and lower steady state error compared to classical one.
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Fig. 19: Robot Position response

6 Conclusion

In this paper, the theory of real-time system identification has been successfully applied
to select and estimate the key parameters of an unmanned vehicle. By implementing
offline closed-loop control, an accurately identified model can be obtained as the ini-
tial covariance matrix increases. Moreover, when the forgetting factor decreases, the
convergence rate of the estimated parameters increases up to a certain point, beyond
which oscillations appear in the steady-state phase. Consequently, the initial covari-
ance matrix in the adaptive structure should be defined in the form of po = 1X106 to
minimize these oscillations. Furthermore, the suitable range for selecting the forgetting
factor is between 0.92 and 1.

Field deployments were conducted to validate the proposed system identification
technique. When compared to the results from offline identification methods involving
numerical optimization, the online estimates perform favourable. Subsequently, a self-
positioning controller was developed and evaluated, which relies on the continuous
estimation of rover parameters. The obtained results demonstrate the effectiveness of
online system identification, showing that the designed self-position controller achieves
higher performance and reduced steady-state error compared to the classical controller.
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