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ABSTRACT

NONLINEAR IDENTIFICATION AND OPTIMAL
FEEDFORWARD FRICTION COMPENSATION FOR A

MOTION PLATFORM

Ahmet Furkan Güç

M.S. in Mechanical Engineering

Advisor: Onur Özcan

June 2020

We present a method of nonlinear identification and optimal feedforward fric-

tion compensation procedure for an industrial single degree of freedom motion

platform. The platform suffers from nonlinear dynamic effects, such as friction

and backlash in the driveline, along with precise reference tracking requirements.

In order to eliminate the nonlinear dynamic effects and obtain precise reference

tracking, we first identified the system using nonparametric identification with

Best Linear Approximation (BLA). Next, the feedback controller is implemented

as a classical PI controller and it is designed using loop shaping techniques so

that the system meets the linear system requirements. Then, we identified the

nonlinear dynamics of the platform using Higher Order Sinusoidal Input De-

scribing Function (HOSIDF) based system identification and we present optimal

feedforward compensation design to improve reference tracking performance. We

modeled the friction characteristics using the Stribeck friction model and iden-

tified through a procedure with a special reference signal and the Nelder-Mead

algorithm. Results indicate that the RMS trajectory error decreased from 0.0431

deg/s to 0.0117 deg/s, and standart deviation of speed reference error integral de-

creased from 0.0382 deg to 0.0051 deg, when the proposed nonlinear identification

and friction compensation method is used.

Keywords: Feedforward control, Friction compensation, System identification,

Nonlinear systems.
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ÖZET

BİR HAREKET PLATFORMU İÇİN DOĞRUSAL
OLMAYAN TANILAMA VE OPTİMAL İLERİ
BESLEME SÜRTÜNME KOMPANZASYONU

Ahmet Furkan Güç

Makine Mühendisliği, Yüksek Lisans

Tez Danışmanı: Onur Özcan

Haziran 2020

Bir serbestlik derecesine sahip endüstriyel hareket platformu için sistem tanılama

ve optimal ileri besleme kompanzasyonu sunulmuştur. Sıkı referans takibi gerek-

lerine sahip olan bu platformlar, aynı zamanda sürüş hattındaki sürtünme

ve boşluk etkileri gibi doğrusal olmayan dinamik etkenlerden yüksek oranda

etkilenirler. Doğrusal olmayan dinamik etkilerin giderilerek hassas refer-

ans takibi elde etmek amacıyla ilk olarak Eniyi Doğrusal Yaklaşım temelli

parametrik olmayan tanılama yöntemleri kullanılmıştır. Sonrasında doğrusal sis-

tem parametrik olmayan sistem modeli üzerinde geri besleme kontrolcü tasarımı

gerçekleştirilmiş ve klasik PI döngü şekillendirme senaryoları uygulanmıştır.

Üzerine, yüksek mertebeli sinüzoidal girdi tanımlayıcı fonksiyon kavramı temelli,

doğrusal olmayan sistem tanılama yöntemleri kullanılarak, hareket platformu

üzerinde etkin olan doğrusal olmayan etkenlerin yakalanması amaçlanmıştır.

Doğrusal olmayan dinamik etkenlerin ortadan kaldırılması ve hassas referans

takibi elde etmek amacıyla, optimal ileri besleme kompanzasyonu tasarımı

sunulmuştur. Sistem üzerine uygulanan özel tasarlanmış bir referans sinyali ve

Nelder-Mead algoritması ile Stribeck sürtünme modeli tanımlanmıştır. Sonuç

olarak önerilen doğrusal olmayan sistem tanılama ve optimal sürtünme giderme

yöntemi kullanıldığında, dinamik sistem performansında RMS hız takibi hatası

0.0431 derece/sn’den 0.0117 derece/sn’ye, hız takip hatası integrali standart sap-

ması 0.0382 derece’den 0.0051 dereceye indirilmiştir.

Anahtar sözcükler : Doğrusal olmayan sistemler, İleri beslemeli kontrol, Sistem

Tanılama, Sürtünme giderme.
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Chapter 1

Introduction

High precision in motion control systems became an essential performance cri-

teria, as the accuracy definitions have transformed to the micro and even nano

levels. Lots of different mechatronics applications are functional with the precise

positioning abilities. Various system characteristics and working environments of

these devices introduce difficulties in the identification and the control processes

with the contribution of the nonlinear effects. In this context, nonlinear system

dynamics play a key role in achieving precise motion within the working range of

specific engineering applications.

There are a number of systems where small errors due to nonlinear effects cause

an intolerable loss in the precision. The intended purpose of the platform defines

the bound between tolerable and intolerable precision loss. In general, surveil-

lance systems and camera platforms require higher precision with respect to the

remote controlled weapon stations. Even though the frequency response function

(FRF) is a strong tool for the frequency domain based identification, most of the

crucial nonlinear effects are ignored through linearization around limited range.

Hence, the identification and compensation of the nonlinear dynamic effects be-

came essential for the control strategy of corresponding systems.
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Earliest system identification methods started with linear approximations of

the dynamic systems. Through the assumption of linear time invariant (LTI)

systems, identification techniques are comprehensively studied and a consider-

able amount of instruments became traditional approaches for control community

as Prediction Error methods [1], nonparametric and parametric approximations

[2, 3], and black-box identification tools [4]. In this extent, frequency domain

based system identification techniques like the FRF examined thoroughly for LTI

systems in the concept of frequency domain identification [5]. In these applica-

tions, it is possible to ignore nonlinear behavior by applying linear identification

and control techniques due to insensitive system performance. However, study

of nonlinear identification emerges for the cases where nonlinear effects dominate

high precision requirements. In order to capture the significant nonlinear dynam-

ics, which are neglected through linear techniques, nonlinear system identification

techniques are expanded upon linear strategies [6, 7].

The essential characteristic of LTI systems is the inability to transfer energy

in between different frequencies. Therefore, for a sinusoidal input with specific

frequency, response is also a sinusoidal with same frequency along with gain and

phase shift. In the concept of nonlinear systems, nonlinearities deform the system

output by transfering energy from the excited harmonics to other harmonics.

The representation of this concept is illustrated in Fig. 1.1. Nonlinear system of

y(t) = cos(u(t)3) is used to illustrate the energy transfer between harmonics.

1.1 Frequency Domain Techniques for Nonlin-

ear Analysis

In order to study the nonlinear behavior of the systems, initial studies in literature

utilize Volterra series approximations [8, 9]. Volterra series are generalizing the

polynomial approximation of the dynamic systems within limited operating range

[10, 11, 12]. Volterra series approximations investigate input-output dynamics of

a nonlinear system with harmonic and intermodulation frequency components. It
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Figure 1.1: Input and output respresentation of nonlinear effects.

is mainly an extension of standard linear convolution definition to the nonlinear

study.

For LTI systems, the input-output relation can be described by the convolution

integral,

y(t) =

∫ ∞
−∞

h(t− τ)u(τ)dτ (1.1)

where u(t), y(t) and h(t) are the input, the output and the impulse response

function of the linear system, respectively. By taking the Fourier transform of

1.1,

Y (w) = H(w)U(w) (1.2)

where U(w), Y (w) and H(w) are the Fourier transforms of u(t), y(t) and h(t),
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respectively. At this point, H(w) is defined as the Frequency Response Function

(FRF) and contains all the information for LTI systems. On the other hand,

for nonlinear continuous time-invariant systems with fading memory and under

zero initial conditions, if there exist a limited energy input signal u(t), system

can be represented by Volterra series approximations [11]. Using Volterra series,

response up to order n to an input of u(t) is defined as,

yn(t) =

∫ ∞
−∞

...

∫ ∞
−∞

hn(τ1, τ2, ..., τn)
n∏

m=1

u(t− τm)dτm (1.3)

and

y(t) = y0 +
∞∑
n=1

yn(t) (1.4)

where h1(τ), h2(τ1, τ2), ..., hn(τ1, τ2, ..., τn) are the nonlinear extensions of linear

impulse response functions, and defined as each order Volterra kernel functions.

Based on the mathematical background of the Volterra series approximations, the

applications are widely studied containing polynomial, hysteresis and fractional

order nonlinear systems [13, 14, 15].

Some other works addressed the generalized frequency response functions

(GFRF) with generalization of FRF for nonlinear systems [16, 17, 18, 19]. GFRF

is described as multi-dimensional Fourier transform of Volterra kernel function

as,

Hn(w1, w2, ..., wn) =

∫ ∞
−∞

...

∫ ∞
−∞

hn(τ1, τ2, ..., τn)
n∏

m=1

e−2πiξmτmdτm (1.5)

There are also applications with linear approximations in the presence of non-

linearities. Most generalized one is the best linear approximation (BLA) of non-

linear systems along with the idea of nonlinear distortions on FRFs using spe-

cialized multi-sine input signals and averaging techniques [20, 21, 22, 23]. When
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the nonlinear system is considered as:

YF (ξ) = BU(ξ)UF (ξ) + SF (ξ) +NF (ξ) (1.6)

where UF (ξ) and YF (ξ) are the input and output, BU(ξ) is the LTI system, SF (ξ)

is the distortions based on nonlinearities and NF (ξ) is the output disturbance.

Then BU(ξ) is defined as,

BU(ξ) = arg min
B(ξ)

E
{

(y(t)−B(ξ)u(t))2
}

(1.7)

where E {.} is the ensemble average.

Upon these, idea of nonlinear frequency response functions (NFRF) are investi-

gated in [24]. In this nonlinear case of frequency response function, output spectra

depend also on the excitation amplitude along with the excitation frequency. The

concept of NFRF generates a nonlinear Bode plots as a moderate approximation

of the system gain based on its excitation amplitude and frequency.

B(w, γ) =
1

γ

 sup
t∈[−πw , π

w)
|No(Ns(s, c, w))|

 , (1.8)

where s = γsin(wt), c = γcos(wt). No(.) and Ns(.) are the corresponding Non-

linear Output Frequency Response Function (NOFRF) and Nonlinear State Fre-

quency Response Function (NSFRF) [24].

As an alternative concept, the describing function method is utilized to define

the dynamic system response to a single sinusoidal signal [25]. Based on the

superposition principle of the harmonic responses, describing function method

provides approximations of the steady-state solutions to relevant harmonic exci-

tations. Sinusoidal input describing function (SIDF) is defined as,
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Ds(ξ0, γ) =
Y (ξ0, γ)

U(ξ0, γ)
(1.9)

where u is a sinusoidal input with frequency ξ0 and amplitude γ. U(ξ0, γ) and

Y (ξ0, γ) are the Fourier transforms of u(t) and y(t), respectively.

Depending on the signal and system class, different specialized types of the

describing functions are defined such as Generalized Describing Functions (GDF)

[26] and Higher Order Sinusoidal Input Describing Function (HOSIDF) [27]. In

addition to the mathematical background of sinusoidal input describing function

concept, HOSIDF extends the theory to higher harmonics of the response of

periodic input by introducing the notion of virtual harmonics generator. Further

studies are presented for identification and compensation purposes in [28, 29,

30, 31]. A comprehensive overview for frequency domain methods for nonlinear

systems can also be found in [7].

1.2 Goal of the Study

This study originated from the demands of identification and compensation re-

quirements in two-axis gimbal platforms developed at ASELSAN. Due to the

precise positioning and reference tracking requirements of the systems, applica-

tion of nonlinear identification and compensation methodologies is considered as

essential.

Scope of the study is based on the need of systematic approach to nonlinear

identification and compensation, and to the understanding of the nonlinear effects

in an industrial motion platform. Contribution of the work is described based on

the functional order of identification process as:

• Study is restricted to a class of time invariant non-linear systems containing

harmonic response to a sinusoidal excitation. A standardized method is pre-

sented for nonlinear identification and optimal feedforward compensation

6



of friction characteristics.

• Before investigating the nonlinear behavior, BLA techniques are utilized in

order to minimize the effects of nonlinear characteristics to obtain a non-

parametric linear model. BLA based nonparametric identification not only

provide best approximation of nonlinear system, but also have standardized

methodology for the identification process for two-axis gimbal platforms.

• BLA captures nonlinear behaviors based on system characteristics like flex-

ibility, except the dominant friction effect in stick-slip region for our case.

Procedure is not limited for a specific type of nonlinearity, but a study

of friction compensation in a mechatronic system is discussed for this work

using continuous Stribeck friction model [32]. There are other optimal feed-

forward studies in literature based on the Coulomb [33] and LuGre models

[34]. However in order to eliminate the discontinuous characteristics and

model dependency, Stribeck model is utilized. Method for friction identifica-

tion is utilized as a technique with special reference signal and Nelder-Mead

Algorithm [35].

• A straightforward procedure for optimal feedforward compensation for a sin-

gle degree of freedom motion platform is presented by applying the optimal

nonlinear control design using HOSIDF based frequency domain identifica-

tion to reduce nonlinear effects. Optimal case is achieved by decreasing the

effect of higher order (K > 1) harmonic spectral components Kw0 (K ∈ N)

to sinusoidal input with frequency w0.

1.3 Structure of the Thesis

Thesis flow consists of the initial overview of the setup, linear nonparametric

identification and feedback controller, nonlinear identification and feedforward

compensation, and experimental results. The work done in this thesis is struc-

tured as follows.

7



Chapter 2 gives a brief overview of the experimental setup for nonlinear sys-

tems with harmonic responses. By the analytical expansion of the dynamic char-

acteristics of the corresponding system, an introduction to the behavior of the

system is presented using the definitions of collocated and noncollocated system

responses.

Chapter 3 presents the nonparametric identification of the system, using the

conventional frequency response function (FRF) analysis and the Best Linear

Approximation (BLA) to different types of excitation input signals separately.

By using the nonparametric linear model and classical loop shaping methodol-

ogy, initial performance criteria are satisfied for best approximation to nonlinear

system.

Chapter 4 introduces higher order sinusoidal input describing functions

(HOSIDFs) based nonlinear identification and optimal feedforward compensa-

tion for the system, in order to eliminate the nonlinear effects and increase the

system performance.

Chapter 5 illustrates experimental results and performance evaluations for the

test system to conduct a benchmark study, and for a Remote Controlled Weapon

System (RCWS), a two degree of freedom gimbal platform to demonstrate the

performance of the procedure.

8



Chapter 2

Experimental Setup and System

Analysis

An electromechanical servo subsystem of a rotational motion platform is consid-

ered as an identification platform in this study. In order to conduct the iden-

tification procedure and verify the results in a practical application, an exper-

imental setup is required. Based on the characteristic driveline in two degree

of freedom gimbal systems, essential components of the corresponding rotational

motion platform are considered as:

• Motor as a torque source

• Gearbox and/or a pinion - ring gear pair as transmission elements

• Inertial load

• Sensors for angular position, angular speed and applied current

In order to satisfy the requirements of the essential parts in a rotational motion

platform, a reference motion platform is selected as experimental setup to conduct

benchmark studies. In this chapter, an overview of the motion platform has been

9



introduced along with the analytic system analysis to briefly introduce the plant

dynamics using collocated and noncollocated behaviors.

2.1 Experimental Setup

In order to obtain a comprehensive definition for the desired electromechanical

servo subsystem, required components are listed initially. As in the schematics

illustrated in Fig. 2.1, electromechanical servo subsystem driveline starts with

a servo motor. Rotational motion is transferred from servo motor to the load

through a gearbox and an additional pinion-ring gear couple. Each of these

components in the driveline has its own stiffness and damping characteristics.

Thus, it is complicated to have explicit model for each component in order to

obtain the whole system model.

Figure 2.1: Electromechanical servo subsystem driveline for the reference motion
platform

With this motivation, an industrial single degree of freedom motion platform

shown in Fig.2.2 is selected as an experimental setup. Due to its characteristics,

the platform contain all desired parts to be considered as an inclusive platform for

an electromechanical servo subsystem driveline in a rotational motion platform.

Servo motor is equipped with internal resolver to measure motor shaft angular

speed. Load angular speed is also obtained using a mems gyroscope. By this

10



way, both motor and load side angular speeds are measured using resolver and

gyroscope, respectively. Angular position data is collected using encoder, and

input current is measured using the current transducer of the motor driver.

In the mechanical design of the test bench, servo motor is originally enabled

to rotate around a hinge point. Then it is preloaded with a spring mechanism,

which drives pinion against the ring gear in order to maintain minimum backlash

for 360◦. Whole platform is connected to a stationary stand, and the stand is

connected to the ground.

Figure 2.2: Industrial motion platform with one DoF, which is used as experi-
mental test setup.

Overall properties of the setup is presented in Table 2.1. For command input

and data logging purposes an external computer is used and data is sampled at

1 kHz.

11



Table 2.1: Experimental setup properties

Parameter Unit Value

Max. Motor Torque Nm 3.17

Total Reduction Ratio − 141

Max. Load Speed deg/s 105

Load Position Measuring Accuracy deg 0.0055

Motor Speed Measuring Accuracy deg/s 0.015

Load Speed Measuring Accuracy deg/s 0.015

Approximated Load Inertia kgm2 0.1

2.2 System Analysis

In order to introduce the key concepts in the rotational motion platform dynamics

briefly, theoretical approach to the experimental setup is presented in this section.

An ideal rotational system consist of motor and load inertias, along with damping

and stiffness components. Theoretical system parameters are given in Table 2.2.

Table 2.2: Theoretical system parameters

Parameter Unit Symbol

Motor Shaft Inertia on Load kgm2 Jm

Motor Shaft Damping Nm/(rad/s) cm

Motor Torque Input Nm Tm

Motor Shaft Angular Position rad θm

Motor Shaft Angular Speed rad/s wm

Transmission Stiffness Nm/rad ks

Transmission Damping Nm/(rad/s) cs

Load Inertia kgm2 Jl

Load Damping Nm/(rad/s) cl

Disturbance Torque Nm Td

Load Angular Position rad θl

Load Angular Speed rad/s wl

12



Figure 2.3 shows the described driveline in an electromechanical servo subsys-

tem of rotational platform.

Figure 2.3: System representation with motor-load inertias and elastic driveline
of the rotational platform.

In order to describe the dynamic behavior of the system in the context of

collocated and noncollocated dynamics, equations of motion (EoM) are written as

eqns. 2.1 and 2.2. Transmission ratio is not included to the equations, since motor

inertia is defined in the load side by multiplying with the square of transmission

ratio.

Tm(t)− Jmθ̈m(t)− cmθ̇m(t)− ks(θm(t)− θl(t))− cs(θ̇m(t)− θ̇l(t)) = 0 (2.1)

Td(t)− Jlθ̈l(t)− clθ̇l(t) + ks(θm(t)− θl(t)) + cs(θ̇m(t)− θ̇l(t)) = 0 (2.2)

If the system is considered as Linear Time Invariant (LTI), eqns. 2.1 and 2.2

can be transformed using the Laplace transformation. In this content, the motor

torque Tm and disturbance torque Td are considered as input variables, where the

angular speeds of motor wm and load wl are considered as output variables of the

EoM.
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(Jms+ cm +
ks
s

+ cs)wm(s)− (
ks
s

+ cs)wl(s) = Tm(s) (2.3)

(Jls+ cl +
ks
s

+ cs)wl(s)− (
ks
s

+ cs)wm(s) = Td(s) (2.4)

By solving eqns. 2.3 and 2.4, transfer functions from motor torque Tm to motor

angular speed wm and load angular speed wl can be written as:

wm(s)

Tm(s)
=

Jls
2 + (cl + cs)s+ ks

s
[
(Jms+ cm + ks

s
+ cs)(Jls+ cl + ks

s
+ cs)− (ks

s
+ cs)(

ks
s

+ cs)
] (2.5)

wl(s)

Tm(s)
=

css+ ks

s
[
(Jms+ cm + ks

s
+ cs)(Jls+ cl + ks

s
+ cs)− (ks

s
+ cs)(

ks
s

+ cs)
] (2.6)

These transfer functions represent the dynamic behavior for ideal driveline with

two inertias, along with stiffness and damping characteristics. Bode diagrams for

a theoretical sample system are given in Fig. 2.4a for motor side, and 2.4b load

side. In this case, system with motor shaft inertia on load Jm = 0.1 kgm2, load

inertia Jl = 0.5 kgm2, transmission stiffness ks = 5000 Nm/rad and transmission

damping cs = 0.01−1−5−10 Nm/(rad/s) is considered. For the ideal driveline,

cm amd cl are set to zero.

Bode diagrams in Fig. 2.4a and 2.4b indicates the corresponding resonant

and anti-resonant frequency characteristics for a theoretical system. In a real

application, more than one resonant and anti-resonant couples can be observed

due to the complexity of the system. Such systems can also be modeled as the

resultant dynamics of the second order systems connected in parallel. Thus,

the minimum system order of the parametric models can be obtained from the

number of resonant and anti-resonant couples in the complex systems. Moreover,

a phase is observed in low frequency due to the selected input-output pair as

torque and speed.
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(a)

(b)

Figure 2.4: Motor and load side bode diagrams for the sample theoretical system.
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Chapter 3

Nonparametric Identification of

Nonlinear Systems

The nonparametric model representation of a dynamic system can be considered

as a quantitative characterization of the system using measurements of the fre-

quency response at various frequencies. In this standardized concept, system is

not defined with the aid of finite number of parameters and there are no con-

nections between the measurements at different frequencies. In this chapter,

nonparametric identification of a class of nonlinear systems is discussed. Initial

discussion is focused on the conventional frequency response function analysis

of the system in order to create a benchmark approach to the concept. Then,

Best Linear Approximation method is presented for the class of nonlinear system

which is defined as PISPO (period in, same period out) systems. In both con-

ventional FRF and BLA scenarios, specialized excitation signals are discussed for

the corresponding context.

The dynamic characteristics of the system is mainly based on the measure-

ments of the input and the output signals. Therefore, the design of the excitation

signal for system identification process can be considered as a crucial component.

In the early times of the system identification, the swept sine input along with

a tracking filter was extremely common excitation signal type [5]. Due to the
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enhancement of the digital signal processing environments, more advanced input

signals and techniques are utilized as identification tools. Instead of exciting each

frequency independently, complex excitation signals containing broadband spec-

trum are used, along with the reduced measurement time. Different concepts of

excitation signals are are used in literature such as broadband random, sine, step

or transient signals.

In the parametric model representation of a dynamic system, the energy con-

tribution of different frequencies to the excitation signal should be concentrated

at particular frequencies where the contribution to the model parameters are in

considerable level. However, in the nonparametric model representation, input

signal is aimed to satisfy an accuracy limit in the corresponding frequency range.

Therefore, in order to obtain an optimized excitation signal, uncertainty on the

FRF is considered. It is dependent on the characteristics of the power spectrum

of the excitation signal and its total power. To achieve a constant variance in the

range of frequency band, the disturbing noise impact became important. In this

context, crest factor is defined as a comprehensive quality factor in eqn. (3.1).

It is defined as the ratio of the peak value upeak to rms value urms of the input

signal u(t).

Cr(u) =
upeak
urms

=
maxt∈[0,T ] | u(t) |
urms

√
Pint/Ptot

with u2rms =
1

T

∫ T

0

u2(t)dt (3.1)

where T is the measurement time, Ptot and Pint are the total power and power

in frequency band of interest, respectively. Crest factor is a measure for the

compactness for an input signal. Smaller values of a crest factor defines a good

quality of the excitation signal.

In order to obtain the system behavior in a single measurement, special broad-

band excitation signal can be utilized, instead of exciting each frequency inde-

pendently. A number of different general purpose broadband excitation signals

are investigated for this study.
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3.1 Conventional Frequency Response Function

Conventional Frequency Response Function (CFRF) approach is initially studied

by using particular measurements for each frequency. Taking measurements fre-

quency by frequency and using a descriptive tool for each frequency point enables

to obtain a nonparametric system model for a given frequency band. In order

to separate each frequency step, swept sine excitation signal is applied. Then,

FFT tools are utilized in order to extract the gain and phase information for

each frequency step. CFRF approach described in this section has been utilized

as an underlying technique for many years in both literature and industry in

identification of the mechatronic systems.

3.1.1 Excitation Signal

As one of the most common excitation signals, swept sine excitation is defined

as a sine sweep input signal where the frequency of the excitation is swept up or

down in one measurement period [36].

u(t) = A sin(((π(k2 − k1)f 2
0 )t+ 2πk1f0)t) where 0 ≤ t < T0 (3.2)

where T0 is the period, f0 = 1/T0, k2 > k1 ∈ N, and k1f0 and k2f0 are the lowest

and the highest frequency, respectively. Due to its nature, swept sine signal is

a periodic signal with a frequency resolution of 1/T0. The excitation power is

generally equally distributed in the selected frequency band defined with k1 and

k2. The swept sine torque input signal and the load-motor speed output signal is

presented in Fig. 3.1a. For the excitation signal used in experimental setup, k1,

k2 and A are selected as 1, 100 and 0.6, respectively, with a frequency step size

of 0.5 Hz. For each frequency, the input signal is created for 16 cycles in order

to enable transient effects to be eliminated. Figure 3.1b illustrates the detailed

view of the input and output signals.
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(a)

(b)

Figure 3.1: The swept sine periodic excitation signal and the plant response (a),
detailed view (b).
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Its crest factor, which is 1.41, is considerably low. However, low SNR frequency

components are included due to the amplitude spectrum characteristics of the

swept sine signal. Hence, to achieve a certain level of accuracy, the measurement

time should be longer. Besides, it is not only exciting the desired frequency but

also couple of other spectral components, leading to errors in nonlinear systems.

3.1.2 Methodology

After obtaining the measurements with the swept sine excitation signal, mea-

surement is used for the exact frequency information for every instant. Although

there are 16 cycles in each frequency, first cycles are omitted to eliminate the

transient effects observed after frequency changes. Then, frequency domain sig-

nals are obtained using FFT from the corresponding time domain signals for each

frequency. The frequency response function are defined as:

Ĝ(jwk) =
maxw∈[1,L](Y (jw))

U(jwk)
(3.3)

for frequency fk where k = 1, 2, ..., L for a desired interval of frequencies. Instead

of frequency by frequency identification, maximum value of the output spectra

is used in the nonparametric model in order to obtain better representation of

the nonparametric model. Moreover, windowing can minimize the effects of FFT

and achieve better nonparametric models in this content.

3.1.3 Experimental Results

Using input and output measurements presented in Fig. 3.1a and defined method-

ology, CFRF of the experimental setup is obtained for the motor and the load

side, and presented in Fig. 3.2a and Fig. 3.2b, respectively. As in Fig. 3.2b, the

load side results does not clearly represent a noncollocated behavior due to the

fact that the measurement point is not exactly the end point of the structure.
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(a)

(b)

Figure 3.2: The nonparametric identification using conventional FRF tools from
the input torque to the output speed of the motor (a), and the load (b).
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3.2 Best Linear Approximation

Best Linear Approximation (BLA) is described as a descriptive tool for the iden-

tification of nonlinear systems. In many cases, the nonlinear distortions generally

observed in lower magnitude levels compared to the linearized models. In the

representation of Best Linear Approximation, the nonlinear distortions are de-

fined as an additional term to the output of linear system [5]. The schematic

representation of a nonlinear system and equivalent best linear approximation is

illustrated in Fig. 3.3 as referred in eqn. 1.6.

Figure 3.3: The representation of the nonlinear system output by BLA and
stochastic nonlinear terms where BU(ξ) is the LTI system, SF (ξ) is the distortions
based on nonlinearities and NF (ξ) is the output disturbance.

3.2.1 Excitation Signal

In contrast of conventional FRF methodology, Best Linear Approximation utilizes

much compact excitation signals within shorter measurement times. Therefore,

design of excitation signal gains more importance. For the given time of mea-

surement, information from the system should be retrieved as much as possible.

Therefore, potential excitation signals are considered as an input signal namely

random noise excitation and random phase multisine excitation.
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3.2.1.1 Random Noise Excitation

Random noise excitation signals are highly utilized in different practical appli-

cations of identification methods due to their characteristic behaviors. The fre-

quency resolution and the amplitude spectrum of the input noise signal are deter-

mined by the length of the experiment and the noise shaping signals, respectively.

In order to obtain a considerable model using the random noise excitation sig-

nal, a number of realizations are required. Increasing the number of realizations

and averaging between these realizations enable user to obtain defined amplitude

spectrum as shown in Fig. 3.4. An additional shaping filter can be utilized in

order to transform the random noise into a Gaussian distribution. User defined

power and amplitude spectrum can also be generated using different procedures

[37].

Figure 3.4: Spectrums of the random noise excitations with different number of
realizations.
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3.2.1.2 Random Phase Multisine Excitation

The zero mean random phase multisine excitation signal is defined as:

u(t) =

N/2−1∑
k=−N/2+1,k 6=0

Uke
j2/pifskt/N (3.4)

where the Fourier coefficients Uk are either zero or meet the requirements of

|Uk| = Û(kfs/N)/
√
N . Based on the selection of excited harmonics, different

types of the excitation signals are defined. The full random phase multisine

excites all harmonics where the odd random phase multisine excites all odd har-

monics in the defined frequency band. Furthermore, the random phase multi-

sine with random harmonic grid excites randomly selected harmonics within each

group of successive harmonics Nsub. Harmonic contents of different random phase

multisine excitation signals are presented in Fig. 3.5.

Figure 3.5: Harmonic contents of different random phase multisine excitation
signals.
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3.2.2 Methodology

In order to understand the influence of the nonlinear system characteristics on

frequency response function (FRF) measurements, properties of nonlinear sys-

tems should be discussed. In this point, the definitions for static and dynamic

nonlinear systems should be addressed.

The response y(t) of a LTI system to a periodic input u(t) is again a periodic

output with the same period as the input. For the static nonlinear systems, the

response contains energy on the output, not only in the frequency of the input

signal but also in other frequencies. It is impossible for LTI systems to transfer

energy from the input frequency to other frequencies.

For the dynamic nonlinear system, the discussion can be restricted to a class

of dynamic nonlinear systems, which can be estimated well with a Volterra series

mean square approximations on a given input domain. This class of nonlinear

systems enable to describe nonlinear phenomena like friction or backlash as in

our case of study. Therefore, the analysis for the dynamic nonlinear systems can

be considered as restricted to the class of dynamic nonlinear system, which can

be defined as PISPO (period in, same period out). This restriction ignores the

nonlinear behaviors of subharmonics, bifurcation and chaos [37].

To obtain a nonparametric model for the defined class of dynamic nonlinear

systems, best linear approximation method is a commonly used method in litera-

ture. The best linear approximation of for a class of nonlinear system minimizes

the mean square error between the true output of the nonlinear system and the

output of the linear model. DC values of the input and output signals are re-

moved from the measurements and the measurement of the impulse response g(t)

of a linear system defined in the concept of correlation analysis. For an input

signal of u(t) and output signal of y(t):

Ryu(t) = g(t) ∗Ruu(t) (3.5)
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where ∗ is the convolution product, Ruu(t) and Ryu(t) are the autocorrelation

and the crosscorrelation, respectively, defined as Wiener-Hopf equation.

Ruu(τ) = E{u(t)u(t− τ)} and Ryu(τ) = E{y(t)u(t− τ)} (3.6)

For a random excitation signal, the solution of eqn. 3.5, with respect to g(t),

minimizes to

E{‖y(t)− g(t) ∗ u(t)‖2} (3.7)

By taking the Fourier transform of 3.5, relation for the nonparametric model

is obtained as:

G(jw) =
SY U(jw)

SUU(jw)
(3.8)

where the frequency response function G(jw), the auto-power spectrum SUU(jw)

and the cross-power spectrum SY U(jw) are the Fourier transforms of g(t), Ruu(t)

andRyu(t), respectively [38, 39]. In the defined class of dynamic nonlinear systems

with weak nonlinear behavior, linear approximations to the nonlinear system can

be obtained. By removing the mean values of the input and output signals, eqn.

3.7 can be written as

E{‖ỹ(t)− g(t) ∗ ũ(t)‖2} (3.9)

where

ũ(t) = u(t)− E{u(t)} and ỹ(t) = y(t)− E{y(t)} (3.10)
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In order to utilize the finite time input and output measurements, eqn. 3.8 is

estimated as

ĜBLA(jwk+1/2) =
ŜY U(jwk+1/2)

ŜUU(jwk+1/2)
=

1
M

∑M
m=1 Y

[m]
diff (k)U

[m]
diff (k)

1
M

∑M
m=1

∣∣∣U [m]
diff (k)

∣∣∣2 (3.11)

and the variance of the BLA is approximated as

var(ĜBLA(jwk+1/2)) =
1

M − 1

ŜY Y (jwk+1/2)−
∣∣∣ŜY U(jwk+1/2)

∣∣∣2 /ŜUU(jwk+1/2)

ŜUU(jwk+1/2)
(3.12)

with M realizations and N samples for each realization, and X [m](k) is the DFT

spectrum of mth realization which is

X [m](k) =
1√
N

N−1∑
t=0

x((m− 1)N + t)e−2πjkt/N (3.13)

Difference operation Xdiff (k) = X(k + 1) − X(k) are implemented in order

to avoid leakage errors which approximates to zero as N goes to infinity. In

order to reduce the variance on best linear approximation and obtain accurate

ĜBLA(jwk+1/2), number of realizations M should be increased. In the ideal case

of M and N approaches to infinity, eqn. 3.11 and 3.12 converges to eqn. 3.8 and

zero, respectively.

For a periodic excitation signal, eqn. 3.8 is re-written as

GBLA(jw) =
SY U(jw)

SUU(jw)
=

E{Y (k)U(k)))}
E{|U(k)|2}

=
E{Y (k)U(k)))}
|U(k)|2

= E
{
Y (k)

U(k)

}
(3.14)

27



Similar to random excitation, for M realizations of random phase multisine,

eqn. 3.14 is approximated as

ĜBLA(jwk+1/2) =
1

M

M∑
m=1

Y [m](k)

U [m](k)
(3.15)

and its variance estimated as

var(ĜBLA(jwk+1/2)) =
1

M(M − 1)

M∑
m=1

∣∣∣∣∣Y [m](k)

U [m](k)
− 1

M

M∑
m=1

Y [m](k)

U [m](k)

∣∣∣∣∣
2

(3.16)

Due to the random characteristics of the multisine input, the variability of

the BLA increases. Hence, number of realizations M should be higher in order

to obtain an estimate with good accuracy. Similar to the random noise input

scenario, as M and N approaches to infinity, eqn. 3.15 and 3.16 converges to

eqn. 3.14 and zero, respectively.

As a result, for the input and output measurements without errors, obtained

BLA can be concluded as

ĜBLA(jwk) = G0(jwk) +GB(jwk) +GS(jwk) (3.17)

where GS(jwk) is defined as ”nonlinear noise source” with E{GS(jwk)} = 0 and

GB(jwk) is defined as ”nonlinear bias contribution source”. The power spectrum

and the probability density function (pdf) of the excitation signal have a con-

siderable influence on the characteristics of GS(jwk). Hence, GS(jwk) can be

reduced by increasing the number of realizations M . Consequently, estimations

of best linear approximation can be introduced as

ĜBLA(jwk) = (G0(jwk)+GB(jwk)+OB(N−1))+(GS(jwk)+Os(N
−1/2)) (3.18)
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In this context, OB(N−1) is defined as the bias term arised from the leakage

errors in noise inputs and finite number of corresponding frequencies in the ran-

dom phase multisine inputs. It can be reduced by increasing the period or block

lenght N . Os(N
−1/2) is defined as the stochastic term due to leakage errors in

noise inputs. Stochastic term is zero by its nature in the random phase multisine

inputs with E{Os} = 0. It can be reduced by increasing M and/or N .

3.2.3 Experimental Results

The input and output measurements are conducted for the cases of input signal

with (i) Gaussian white noise, (ii) Full harmonic random phase multisine, (iii)

Odd harmonic random phase multisine and (iv) Random grid harmonic phase

multisine, separately. The input and output signals are presented for each input

signal in Fig. 3.6a and Fig. 3.6b, respectively. Crest Factor of the input signal is

3.57 for (i) Gaussian white noise, 3.55 for (ii) Full harmonic multisine, 2.74 for (iii)

Odd harmonic multisine and 2.99 for (iv) random grid harmonic multisine. When

the only input signal is noise or multisine, system behavior is mostly dominated

by the friction and the backlash. In order to minimize the nonlinear friction

and backlash effects in this step, a square torque signal is added to excitation

signals for each case. Therefore, output measurements differs from zero crossing

regions. Due to the fact the chosen excitation signals and square torque signal

is statistically independent from each other, only the excitation signal can be

considered as input for the methodology of BLA. This property of statistically

independent signals guarantee the fact that they have no influence on each others

approximated linear model.

Nonparametric models for the motor and the load speed output are obtained

using BLA methodology similar to the conventional FRF. BLA results are pre-

sented with conventional FRF results in Fig. 3.7a and Fig. 3.7b for (i) Gaussian

white noise, Fig. 3.8a and Fig. 3.8b for (ii) Full random phase multisine, Fig.

3.9a and Fig. 3.9b for (iii) Odd random phase multisine, and Fig. 3.10a and Fig.

3.10b for (iv) random grid harmonic phase multisine excitation signals.
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(a)

(b)

Figure 3.6: The excitation input signal (a) and the output signal (b) measure-
ments for Best Linear Approximation.
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(a)

(b)

Figure 3.7: The nonparametric model obtained using BLA from torque input to
motor speed output (a), and load speed output (b) with the white noise excitation.
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(a)

(b)

Figure 3.8: The nonparametric model obtained using BLA from torque input to
motor speed output (a), and load speed output (b) with the full harmonic random
phase multisine excitation.
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(a)

(b)

Figure 3.9: The nonparametric model obtained using BLA from torque input
to motor speed output (a), and load speed output (b) with the odd harmonic
random phase multisine excitation.

33



(a)

(b)

Figure 3.10: The nonparametric model obtained using BLA from torque input
to motor speed output (a), and load speed output (b) with the random grid
harmonic random phase multisine excitation.
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To complete the identification of the BLA model, the nonparametric model

of lowest variance within same measurement period is selected. Chosen model is

based on the white noise excitation signal. After this point, standardized loop

shaping procedure is applied in order to determine the parameters of PI feedback

controller. The command tracking requirements of the system is defined as having

a minimum bandwidth of 6 Hz, a gain margin of 3-6 dB, and a phase margin of

30-60 deg. The system with the designed PI feedback controller is considered as

a reference point in nonlinear identification and compensation process.
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Chapter 4

Nonlinear Identification and

Compensation

In order to perform the nonlinear identification, the system behavior is considered

as nonlinear, causal and time invariant with an output that contains harmonic

spectral components Kw0 (K ∈ N) to a sinusoidal input with a frequency w0.

For this case, essential difference of a nonlinear system from a linear counterpart

is the harmonic contribution in the response to an sinusoidal input signal with

a fundamental frequency w0. The concept of the optimal compensator is simply

based on the minimization of the harmonic components except the fundamental

frequency, i.e., K > 1. The minimization process make the system as close to a

linear system as possible.

To initially highlight the nonlinear dynamics of the system, nonlinear bode

plot B(w, γ) is obtained through NFRF methods excluding phase data. System

is considered as uniformly convergent for a bounded continuous input signal of

u(t) = γsin(wt) with a frequency w and an amplitude γ. The nonlinear Bode

plot of the plant dynamics is obtained and visualized in Fig. 4.1.
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Figure 4.1: Nonlinear Bode plot B(w, γ) of the experimental setup.

System, subjected to a sinusoidal input u(t) = γsin(wt), is defined in eqn.

(4.1).

B(w, γ) =
1

γ

 sup
t∈[−πw , π

w)
|No(Ns(s, c, w))|

 , (4.1)

where s = γsin(wt), c = γcos(wt). No(.) and Ns(.) are the corresponding Non-

linear Output Frequency Response Function (NOFRF) and the Nonlinear State

Frequency Response Function (NSFRF), respectively [24]. From the nonlinear

Bode plot of the plant, resonance and anti-resonance pairs can be observed above

17Hz, which are induced by the driveline stiffness, damping and the inertia J .

As it can be seen from low amplitude levels, system behavior suffers from the

friction. Based on this nonlinear behavior of the system, it can be concluded that

the nonlinear analysis and compensation of the system is crucial to eliminate

observed friction based nonlinear behavior.
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4.1 Nonlinear Identification using HOSIDF

Analysis

Essential information is obtained from the nonlinear Bode plot to define the ex-

citation level and frequency for the HOSIDF measurements. In order to clearly

observe the friction based nonlinear region, the input signal is selected at a low

frequency and a small amplitude range. System should be excited both below

and above the friction dominated stick-slip region using amplitude sweep of exci-

tation. On the other hand, excitation signal should have low frequency in order

to distinctly observe friction dominated stick-slip region and have a response in

phase with input signal, from the Single-DoF vibration theory [40]. Using low

frequency excitation signal also enables to avoid additional nonlinearities due to

high frequency components of system behavior. Figure 4.2 shows the input torque

signal and the response of the system.

Figure 4.2: Input and output signal example for HOSIDF measurements at 5 Hz.
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As presented in Fig. 4.2, the input signal is governed by the information ob-

tained from the nonlinear Bode plot, for the measurement of nonlinear behavior

using HOSIDF. The excitation frequency of 5 Hz is selected to guarantee low

frequency behavior. Furthermore, input range of amplitude for HOSIDF mea-

surement is considered to be the range that excites the system around its friction

dominated stick-slip region. Therefore, amplitude range of 0 to 0.3 Nm are di-

vided into 300 equidistant intervals. For all amplitude levels, system is excited

for 5 cycles to eliminate transient effects.

Consider the system is excited using sinusoidal input defined as eqn. (4.2).

u(t) = γcos(w0t+ ϕ0) (4.2)

Corresponding nonlinear harmonic response can be defined as eqn. (4.3):

y(t) =
K∑
k=0

|Hk| γkcos(k((w0t+ ϕ0) + ∠Hk), (4.3)

along with the kth higher order sinusoidal input describing function Hk(w0, γ)

introduced in eqn. (4.4):

Hk(w0, γ) =
Y (kw0)

Uk(w0)
, (4.4)

where Y (kw0) is the corresponding higher order response and Uk(w0) is defined

as eqn. (4.5):

Uk(w0) =
k∏
l=1

U(wo) (4.5)

In Fig. 4.3, the HOSIDF measurements are obtained using Fast Fourier Trans-

form (FFT) method along with the idea of virtual harmonic generator [27]. Each
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higher order sinusoidal input describing function is calculated using eqn. (4.3) to

eqn. (4.5).

Figure 4.3: HOSIDF measurements of the experimental setup.

From the magnitude plot of first order sinusoidal input describing function,

relation of gain with amplitude can be examined. Although from 0.07 Nm to

0.2 Nm, dependency of system gain to excitation amplitude is observable, after

0.2 Nm, system gain is not essentially dependent on the excitation amplitude.

However, even after the excitation level of 0.2 Nm, nonlinear behavior can be

observed from the magnitude plots of higher order sinusoidal input describing
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functions. In higher orders starting from H3, system gain decreases until a certain

level of minimum due to the uncertainties based on low signal-to-noise ratio. After

that level, it reaches a certain gain again even for higher harmonics. This gain is

related to the contribution from higher order harmonics.

4.2 Compensation of Nonlinear Effects

Based on the amplitude dependency of HOSIDF results given in Fig. 4.3,

HOSIDF analysis can be considered as a descriptive tool for the examination of

amplitude dependency of the nonlinear systems with harmonic responses. Hence,

the HOSIDF technique can be utilized as an optimization tool in order to obtain

the optimal feedforward compensation for different feedforward friction compen-

sation techniques as presented in [33] and [34]. In this context, the optimality is

the minimization of the difference between the nonlinear system and its linearized

counter part. The idea of optimal compensator is simply based on the elimina-

tion of the harmonic spectral components Kw0 (K ∈ N) except the fundamental

frequency, i.e., K > 1, to sinusoidal input with frequency w0.

Among other nonlinear behaviors, characteristic behavior of friction has a great

influence on the performance and precision of the motion platform. Different fric-

tion models [41] can be implemented as a model for feedforward compensation

[42, 43, 44]. The experimental setup is utilized in order to identify the required

optimal feedforward gain. Even though the pure Coulomb friction feedforward

design improves the system performance as implemented in [33], discontinuous

characteristics of the model is not well-suited for all dynamic systems. More com-

plex friction models like LuGre model is introduced in feedforward methods [34]

and adaptive techniques are studied as compensation tools [45, 46, 47]; however,

complex friction models are highly dependent on the parametric changes on the

system due to manufacturing processes or environmental conditions. Therefore,

Stribeck friction model given in eqn. (4.6) is selected as a base point in order

to obtain a continuous and neat feedforward signal compared to Coulomb and

LuGre friction models. The Stribeck friction model describes the friction torque
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in a rotational system as:

Tf =


s(w) + σ2w if w 6= 0,

Ta if w = 0 and |Ta| < Ts,

Ts ∗ sgn(Ta) otherwise.

(4.6)

In this context, w is the angular velocity, Tf , Ta and Ts are the friction, applied

input and stiction torques, respectively, and σ2 is the viscous term. Stribeck

exponential curve s(w) in eqn. (4.6) is defined as:

s(w) = (Tc + (Ts − Tc)e|
w
ws
|δ) ∗ sgn(w), (4.7)

where Tc, ws and δ are the Coulomb torque, Stribeck velocity and Stribeck ex-

ponent, respectively.

The parameters of the Stribeck model are identified using the Nelder-Mead

optimization algorithm. The special excitation signal is generated from a band

limited random signal up to 4 Hz, enveloped by the sum of first three non-zero

terms of Fourier series of the rectangular signal [35]. This speed reference enables

the system to cross zero velocity line with different amplitudes and frequencies

within a short time period. The excitation signal used as a speed reference is

given in Fig. 4.4a and identified Stribeck model is illustrated in Fig. 4.4b. The

parameters of the model are given in Table 4.1.

Table 4.1: Stribeck Model Parameters

Parameter Identified Value

Stiction Torque (Nm) Ts = 0.3160

Coulomb Torque (Nm) Tc = 0.2432

Stribeck Velocity (rad/s) ws = 0.0247

Stribeck Exponent δ = 1
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(a)

(b)

Figure 4.4: The speed reference signal for the Stribeck model identification pro-
cess (a), and identified Stribeck model (b).
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After the identification, instead of using the friction model output directly, it

is normalized to the interval of [−1, 1] at low velocity interval by dividing the

output by Ts and a gain of K is utilized in order to determine final feedforward

signal. The block diagram of the overall compensation strategy is given in Fig.

4.5.

Figure 4.5: The block diagram of nonlinear compensation strategy.

As it can be seen from the block diagram given in Fig. 4.5, experimental setup

is initially subjected to a PI feedback controller in order to satisfy system re-

quirements mentioned previously. Upon this strategy, feedforward compensation

is applied to the system with an increasing K value in order to understand the

effect of feedforward gain to harmonic response measurements.

To define the optimal case, the concepts of linear and nonlinear systems are

compared. As a final goal, a nonlinear system is subjected to feedforward com-

pensator in order to approximate a linear system as much as possible. The key

difference of nonlinear system and linear system is the higher order harmonics

observed in nonlinear behavior. In a linear system, response to a fundamental

frequency input is only a fundamental frequency output. On the other hand,

response to a fundamental frequeny input may consist of higher order harmonic

components in a nonlinear system. In order to obtain closest form of nonlinear

system to linear system, higher order harmonics in the response to a fundamental

frequency should be minimized. Therefore, feedforward gain can be stated as op-

timal where the response of the system has minimum proportion of the sum of all

harmonics contribution to the magnitude of fundamental frequency contribution.
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Optimal gain for feedforward compensation FFKopt is obtained using cost func-

tion as:

FFKopt = arg min
FFK∈R≥0

1

NK

∑
k∈K |E{Y (kw0)}|
|E{Y (w0)}|

, (4.8)

where K{k ∈ N ≥ 2|E{Y (kw0)} 6= 0} with η−confidence level as initially intro-

duced in [33]. This cost function, when minimized, guarantees that the feedfor-

ward constant K found will maximize the relative magnitude of the fundamental

frequency and make the system behave as linear as possible.

So, the noise in the experimental data should be considered and only the har-

monics with a high signal to noise ration should be taken into account [34]. Only

the harmonics with η−confidence level are taken into account in the HOSIDF

process. Harmonics without η−confidence level are ignored, since the noise level

of those harmonics are higher than the harmonic signal. This property can be

considered as the quality assessment of the measurements on harmonics. The

expected value of the sample mean |E{Y (w0)}| is not equal to 0 with at least

η−confidence level if the criterion given in eqn. (4.9) is greater than the corre-

sponding cumulative distribution function.

∣∣Ȳ (kw0)
∣∣2

σ2
y(kw0)

> F η
2,2(N−1), (4.9)

where F η
2,2(N−1) is defined as the cumulative F2,2(N−1) distribution cdf(F η

2,2(N−1))

= η [33].The sample mean and variance on sample mean are defined as equations

(4.10) and (4.11), respectively.

Ȳ (kw0) =
1

N

N∑
n=1

Yn(kw0) (4.10)

σ2
y(kw0) =

1

N(N − 1)

N∑
n=1

(Yn(kw0)− Ȳ (kw0))
2 (4.11)
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The optimal feedforward gain is achieved using K values in the range of [0,0.14]

with 50 equal intervals until overcompensating the setup, i.e., observing exceeding

velocity feedback with respect to reference velocity during direction changes. In

the experiment, a sinusoidal speed reference of γ = 2 and w0 = 0.5 is used as the

excitation signal.

Using the experimental data, the input and the output spectra are calculated

using FFT. Then, output spectrum of the system is evaluated using equations

(4.8) and (4.9). Only the harmonics that satisfy the confidence level criterion

given in eqn. (4.9) are used in the calculation of the optimal feedforward gain.

The harmonic responses and the confidence level criterion of the scenario with-

out feedforward is given along with chosen harmonics in Fig. 4.6a. Using only

the chosen harmonics satisfy the measurement quality of the methodology. η−
confidence level is defined for only the harmonics greater and equal to 2 in order

to use these harmonics in the calculation of the optimal feedforward gain.

The optimal feedforward gain is calculated using only the related response

harmonics and eqn. (4.8), as shown in Fig. 4.7a. Once the feedforward gain

is increased with a relevant step, the magnitude in corresponding harmonics are

decreased proportionally to the excitation frequency. As it can be seen from Fig.

4.7a, the feedforward gain of K = 0.0808 minimizes the optimal feedforward gain

criterion in eqn. (4.8). As the corresponding HOSIDF is considered, the optimal

feedforward gain can be also verified in the odd harmonic responses of the system

due to odd nonlinear characteristics. The decrease in the contribution of the

normalized odd higher order harmonics can be observed from Fig. 4.7b.

For the desired compensation, the selection of K = 0.0808 can be considered as

the optimal feedforward gain. The harmonic responses and the confidence level

criterion of the optimal gain is given in Fig. 4.6b. Similarly, same harmonics

selected for without feedforward case are highlighted for the optimal feedforward

case. As it can be seen from the magnitude graphs of relevant harmonics, all

higher order harmonics decreased in contrast of fundamental harmonic frequency.

The optimal case stands for the scenario where the effects of higher harmonics

are minimum compared to the fundamental harmonic frequency.
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(a)

(b)

Figure 4.6: Harmonic responses and the confidence level of the harmonics without
the feedforward compensation (a), and with the optimal feedforward compensa-
tion (b).
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(a)

(b)

Figure 4.7: The optimal feedforward compensation gain criterion evaluated at
different gains (a), and the normalized odd harmonics of HOSIDF measurements
changing with feedforward gain (b).
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To observe the magnitude decrease in the relevant harmonics for optimal feed-

forward compensation,
∣∣Ȳ (kw0)

∣∣ values are shown in Fig. 4.8. By only applying

the optimal feedforward compensation with the classical PI feedback controller,

significant decrease in
∣∣Ȳ (kw0)

∣∣ for higher order harmonics can be observed. For

instance, third and seventh harmonics decreased around 22 and 14 dB, respec-

tively. In contrast, the
∣∣Ȳ (kw0)

∣∣ for the fundamental frequency is increased almost

10 dB for the optimal feedforward compensation. The increase in the contribu-

tion of fundamental frequency is a mathematical side effect of the feedforward

compensation [34]. In the optimal case, the response of the system includes al-

most the same fundamental response. However, higher harmonics in the response

are dramatically decreased, leading to an increase in the fundamental frequency

contribution.

Figure 4.8: Magnitude difference in the relevant harmonic responses in optimal
feedforward compensation.
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Chapter 5

Results and Discussion

After the nonlinear identification and the feedforward optimization process, sys-

tem is subjected to a reference tracking scenario in order to evaluate the perfor-

mance of the presented process. In this context, a benchmark sinusoidal reference

tracking input signal is applied to the system for both cases of without feedfor-

ward case and the optimal feedforward case. To demonstrate the performance of

the procedure, methodology is applied not only to the experimental setup, but

also to RCWS, Remote Controlled Weapon System which have different system

characteristics of inertia, friction and backlash. By this way, methodology is

tested under various dynamic systems.

5.1 Results for Experimental Setup

Performance measurements are conducted with the reference sinusoidal speed

input signal with γ = 2 and w0 = 0.5, as in the identification phase. Then,

reference tracking performance results are obtained for without feedforward com-

pensation and with the optimal feedforward compensation using K = 0.0808. For

both cases, same LTI PI feedback controller mentioned previously is used. The

sinusoidal reference tracking of the system is given in Fig. 5.1a and Fig. 5.1b.
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(a)

(b)

Figure 5.1: Sinusoidal reference signal tracking without feedforward compens-
sation and with the optimal feedforward compensation (a), and zero reference
crossing in closer view (b).
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The results show that, the optimal feedforward compensation enables the sys-

tem to achieve better reference tracking for zero crossing reference changes, which

is the region where friction and backlash effects are most dominant. To quantify

the performance for both cases, RMS tracking error is used, which is given in

eqn. (5.1):

ERMS =

√√√√ 1

M

M∑
m=1

(um(t)− ym(t))2 (5.1)

For the measurement given in Fig. 5.1a, the average RMS tracking errors

without feedforward compensation and with the optimal feedforward compensa-

tion are 0.0431 deg/s and 0.0117 deg/s, respectively. This difference in errors is

mainly originated from the nonlinearities of the system and the performance of

the introduced feedforward compensation. The reference tracking error of same

measurement is illustrated in Fig. 5.2.

Figure 5.2: The error plot of reference signal tracking without feedforward com-
pensation and the optimal feedforward compensation.
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Fig. 5.2 states that the optimal feedforward strategy eliminates the error peaks

around zero crossings. To quantify the performance benefit of the methodology

in depth, error data is integrated and polynomial trend over the integrated data

is removed to calculate the standard deviation over the integral of error.

For the given error integral in Fig. 5.3, corresponding standard deviations

without feedforward compensation and with the optimal feedforward compensa-

tion are 0.0382 deg and 0.0051 deg, respectively.

Figure 5.3: Error integral plot of reference signal tracking with no feedforward
and optimal feedforward compensation.

In order to present a summarized performance quantification of the feedforward

methodology, all results are presented in Table 5.1. It is seen from the Table 5.1

that, utilization of the optimal feedforward compensation improves the reference

tracking performance dramatically. This behavior have great influence on the

systems which work under low speed reference tracking requirements with zero

crossings.
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Table 5.1: Performance Measures for Experimental Setup

Scenario Without FF With the Optimal FF

RMS Tracking Error (deg/s) 0.0431 0.0117

STD of Error Integral (deg) 0.0382 0.0051

Fig. 5.4 illustrates the torque input generated by the controller. Only the PI

feedback controller generates torque in the case without feedforward compensa-

tion. Significant difference in zero crossing can also be observed from the torque

data.

Figure 5.4: Torque difference in zero crossing during sinusoidal reference signal
tracking with no feedforward and optimal feedforward compensation.

5.2 Results for RCWS

Presented optimal feedforward procedure is applied to RCWS, Remote Controlled

Weapon System presented in Fig. 5.5 [48].
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Figure 5.5: RCWS, a Remote Controlled Weapon System

As a standardized procedure, Best Linear Approximation of the system is

obtained using white noise excitation signal. Nonparametric models for the motor

and the load speed output signals are presented in Fig. 5.6a and 5.6b, respectively.

Measurements are conducted for the reference sinusoidal speed input signal

with γ = 2 and w0 = 0.5, for the aximuth axis of the system similar to the

experimental setup. HOSIDF analysis of the RCWS for without feedforward

compensation case and the optimal feedforward compensation are illustrated in

Fig. 5.7a and 5.7b, respectively. Energy decrease in related HOSIDF for optimal

compensation and the selection of optimal feedforward gain is presented in Fig.

5.8a and 5.8b, respectively. Using different measurements and averaging can

eliminate the noisy behavior over the curve in 5.8b.

Then, results are obtained for the case without feedforward compensation and

with the optimal feedforward compensation using K = 0.1044 Nm. Using the

defined optimal feedforward compensation, sinusoidal reference tracking perfor-

mance of the system is given in Fig. 5.9a and Fig. 5.9b. RMS speed reference

tracking errors are 0.0833 deg/s and 0.0256 deg/s for no feedforward and opti-

mal feedforward scenarios, respectively. Fig. 5.10a and Fig. 5.10b shows the

speed tracking error and integral of error without polynomial trend similar to the

experimental setup.
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(a)

(b)

Figure 5.6: Best Linear Approximation of the RCWS azimuth axis with white
noise excitation signal for the motor speed output signal (a), and the load speed
output signal (b).
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(a)

(b)

Figure 5.7: The HOSIDF analysis of RCWS for without feedforward compensa-
tion (a) and with the optimal feedforward compensation (b).
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(a)

(b)

Figure 5.8: Energy decrease in the HOSIDF analysis of RCWS for without feed-
forward compensation and with the optimal feedforward compensation (a), and
the optimal feedforward compensation gain criterion for different gains (b).
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(a)

(b)

Figure 5.9: Sinusoidal reference signal tracking for RCWS with no feedforward
and optimal feedforward compensation (a), and zero reference crossing in closer
view (b).
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(a)

(b)

Figure 5.10: Error (a) and error integral (b) plot of reference signal tracking for
RCWS with no feedforward and optimal feedforward compensation.
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Standard deviations for no feedforward and optimal feedforward compensa-

tions are 0.0653 deg and 0.0341 deg, respectively. To present a summarized per-

formance quantification of the feedforward methodology for RCWS, all results

are presented in Table 5.2 similar to the experimental setup.

Table 5.2: Performance Measures for RCWS

Scenario Without FF With the Optimal FF

RMS Tracking Error (deg/s) 0.0833 0.0256

STD of Error Integral (deg) 0.0653 0.0341

As in the case of experimental setup, the optimal feedforward compensation

enables the system to perform better reference tracking. Although the kinematic

coupling effect can have a influence on the performance for two-axis platforms,

dominant friction effects in stick-slip region can be reduced dramatically for az-

imuth and elevation axis drivelines separately.
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Chapter 6

Conclusion

This study presents a standardized method for nonlinear identification and the

optimal feedforward friction compensation for a single DoF industrial motion

platform. The contribution of this work is to utilize FFT and HOSIDF based

frequency domain identification techniques from the literature in the optimization

of feedforward friction compensation design with the Stribeck friction model. The

design presents a comprehensive feedforward method for the optimal nonlinear

friction compensation for dynamic systems with harmonic responses. The model

is normalized and utilized for feedforward compensation with an optimal gain.

The results of the experimental study demonstrate improved system performance

and precision in reference tracking.

• A class of time invariant nonlinear systems containing harmonic response to

a sinusoidal excitation is subjected to the standardized method for the non-

linear identification and the optimal feedforward compensation of friction

characteristics for this work.

• BLA methodology is used to minimize the nonlinear components in the non-

parametric model of the system. A classical PI controller is implemented

using loop shaping techniqıes so that system meets the linear system re-

quirements.
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• Procedure is based on the friction compensation in a single degree of free-

dom industrial motion platform’s driveline, where it is not only valid for

specific type of nonlinearity. There exist optimal feedforward friction com-

pensation studies in literature with different friction models. For this work,

continuous Stribeck friction model is utilized in order to reduce model com-

plexity while having continuous characteristics. A special reference signal

and the Nelder-Mead optimization algorithm are used for the friction model

identification process.

• The HOSIDF based optimal feedforward compensation methodology is

standardized for a mechatronic application. The optimal compensation is

obtained by the minimization of the contributions of higher order (K > 1)

harmonic components Kw0 (K ∈ N) to the output for a sinusoidal input

with frequency w0.

The identification of the plant dynamics and the design of LTI PI controller

can be considered as the limitation of the methodology described in this study.

Using different identification techniques to obtain high fidelity system models and

higher performance feedback controller would improve the performance of the

overall methodology. However, the identification and feedback controller design

methodology described in this study is suffcient to demonstrate the optimality of

the feedforward compensator for described system.

Further research can be directed to the identification of relevant harmonics

of HOSIDF method with real-time data. Although the proposed procedure of

identification and optimal feedforward gain determination is a straightforward

method, online techniques will enable optimal feedforward compensation to be

resistant to changes in the system due to manufacturing processes or environ-

mental conditions by motion platform’s very nature.
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