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Abstract

Accurate machine dynamic models are the foundation of many advanced machining technologies such
as virtual process planning and machine condition monitoring. Viewing recent designs of modern high-
performance machine tools, to enhance the machine versatility and productivity, the machine axis
configuration is becoming more complex and diversified, and direct drive motors are more commonly
used. Due to the above trends, coupled and nonlinear multibody dynamics in machine tools are gaining
more attention. Also, vibration due to limited structural rigidity is an important issue that must be
considered simultaneously. Hence, this research aims at building high-fidelity machine dynamic
models that are capable of predicting the dynamic responses, such as the tracking error and motor
current signals, considering a wide range of dynamic effects such as structural flexibility, inter-axis

coupling, and posture-dependency.

Building machine dynamic models via conventional bottom-up approaches may require extensive
investigation on every single component. Such approaches are time-consuming or sometimes infeasible
for the machine end-users. Alternatively, as the recent trend of Industry 4.0, utilizing data via Computer
Numerical Controls (CNCs) and/or non-intrusive sensors to build the machine model is rather favorable
for industrial implementation. Thus, the methods proposed in this thesis are top-down model building
approaches, utilizing available data from CNCs and/or other auxiliary sensors. The achieved

contributions and results of this thesis are summarized below.

As the first contribution, a new modeling and identification technique targeting a closed-loop control
system of coupled rigid multi-axis feed drives has been developed. A multi-axis closed-loop control
system, including the controller and the electromechanical plant, is described by a multiple-input
multiple-output (MIMO) linear time-invariant (LTI) system, coupled with a generalized disturbance
input that represents all the nonlinear dynamics. Then, the parameters of the open-loop and closed-loop
dynamic models are respectively identified by a strategy that combines linear Least Squares (LS) and
constrained global optimization. This strategy strikes a balance between model accuracy and
computational efficiency. This proposed method was validated using an industrial 5-axis laser drilling
machine and an experimental feed drive, achieving 2.38% and 5.26% root mean square (RMS)
prediction error, respectively. Inter-axis coupling effects, i.e., the motion of one axis causing the
dynamic responses of another axis, are correctly predicted. Also, the tracking error induced by motor
ripple and nonlinear friction is correctly predicted as well.
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As the second contribution, the above proposed methodology is extended to also consider structural
flexibility, which is a crucial behavior of large-sized industrial 5-axis machine tools. More importantly,
structural vibration is nonlinear and posture-dependent due to the nature of a multibody system. In this
thesis, prominent cases of flexibility-induced vibrations in a linear feed drive are studied and modeled
by lumped mass-spring-damper system. Then, a flexible linear drive coupled with a rotary drive is
systematically analyzed. It is found that the case with internal structural vibration between the linear
and rotary drives requires an additional motion sensor for the proposed model identification method.

This particular case is studied with an experimental setup.

The thesis presents a method to reconstruct such missing internal structural vibration using the data
from the embedded encoders as well as a low-cost micro-electromechanical system (MEMS) inertial
measurement unit (IMU) mounted on the machine table. It is achieved by first synchronizing the data,
aligning inertial frames, and calibrating mounting misalignments. Finally, the unknown internal
vibration is reconstructed by comparing the rigid and flexible machine kinematic models. Due to the
measurement limitation of MEMS IMUs and geometric assembly error, the reconstructed angle is
unfortunately inaccurate. Nevertheless, the vibratory angular velocity and acceleration are consistently

reconstructed, which is sufficient for the identification with reasonable model simplification.

Finally, the reconstructed internal vibration along with the gathered servo data are used to identify the
proposed machine dynamic model. Due to the separation of linear and nonlinear dynamics, the
vibratory dynamics can be simply considered by adding complex pole pairs into the MIMO LTI system.
Experimental validation shows that the identified model is able to predict the dynamic responses of the
tracking error and motor force/torque to the input command trajectory and external disturbances, with
2% ~ 6% RMS error. Especially, the vibratory inter-axis coupling effect and posture-dependent effect

are accurately depicted.

Overall, this thesis presents a dynamic model-building approach for multi-axis feed drive assemblies.
The proposed model is general and can be configured according to the kinematic configuration. The
model-building approach only requires the data from the servo system or auxiliary motion sensors, e.g.,
an IMU, which is non-intrusive and in favor of industrial implementation. Future research includes
further investigation of the IMU measurement, geometric error identification, validation using more
complicated feed drive system, and applications to the planning and monitoring of 5-axis machining

process.
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Chapter 1

Introduction

1.1 Background and Research Motivation

1.1.1 Virtual Machining with Digital Twin

Nowadays, since most Computer-Aided Manufacturing (CAM) software can only simulate the “ideal”
machining process, process planning therefore heavily relies on the experience of machine operators.
Time-consuming trial cuts are necessary for verifying and adjusting the process until part quality
requirements are satisfied. To mitigate such problems, the concept of virtual machining [1] was
proposed, where the machining operation can be predicted by virtual machine models, i.e., digital twins

[2] (see Figure 1-1).
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Figure 1-1 Virtual model and machining processes.

A thorough modeling of the machine and process involves several aspects, such as the cutting
mechanics, tool wear, tool flexibility, spindle dynamics, thermal expansion, etc. In particular, the
dynamic behavior of the feed drives is one of the dominant factors impacting the productivity and
resulting part quality in machining. With the aid of high-fidelity machine feed drive models, high-
productivity machining trajectory planning, without violating part tolerances, can be designed in a
virtual environment, or in semi-real time (as a digital twin). If the model of the feed drive control system

can be built, the production trade-off (see Figure 1-2) between production speed, contour accuracy, and



surface finish can then be predicted and optimized without time-consuming and expensive trials on real

machines (see Virtual CNC in Section 2.3.1).

Speed

Surface ‘
finish Accuracy

Figure 1-2 Performance trade-off of a machine tool feed drive control system [3].

Furthermore, an accurate dynamic model of the feed drive mechatronic system can be used for
monitoring the machining process, such as real-time estimation of the cutting forces through indirect
methods (like Kalman filtering of motor current and/or low-cost accelerometer signals), without having
to apply intrusive and expensive direct force measurement methods, such as using table or rotational
dynamometers [4]. Lastly, a dynamic model of the machine tool multi-axis feed drive assembly can be
used for machine condition monitoring, by tracking the evolution of key parameters, feed drive natural
frequency, stiffness, and damping values. Such models can also be used to train machine learning

methods, to help diagnose faults and root causes of error.

On the other hand, the concept of Industry 4.0 aims to establish smart factories with integrated
virtualization, monitoring, data integration, self-optimization, and control functionalities within and
across manufacturing processes, taking advantage of increasing connectivity and automation
capabilities [5]. In this context, developing the capability to identify realistic dynamic models of
production machines, in a practical manner, is key to elevating the overall productivity, efficiency, and

longevity in the operation of machine tools and other production equipment.

1.1.2 Digital Twin Estimation for Multi-axis Machine in the Context of Industry 4.0

Building a machine model via conventional bottom-up approach may require extensive investigation
of every single component, which is time-consuming or sometimes infeasible (especially for machines
already operational in industry). Alternatively, following the trend of Industry 4.0, commercial
Computer Numerical Controls (CNCs) have been increasingly powerful to provide real-time in-process
data, which can be used to estimate machine models in a top-down sense. Consequently, such a non-

intrusive model-building approach is more suitable for industrial implementation [2].



Following the above concept, numerous top-down identification approaches, (i.e., referred to as ‘rapid
identification’), have been developed [6][7][8][9]. The identified machine models can predict
machining accuracy due to rigid body control, structural vibration, and nonlinear friction (see Section
2.3.2).

Overall, viewing the design of modern high-performance machine tools, the following trends can be
observed: (a) To enhance the productivity, high-speed direct drive motors are becoming increasingly
used. (b) To enhance the versatility, the configurations of machine axes are becoming more and more
diverse and complex (see Section 2.4). Thus, coupled multibody dynamics needs to be carefully

investgated and considered, to obtain realistic digital models of such machines.

Regarding multi-axis machines, academic research in the past primarily focused on the kinematics and
trajectory planning. Multibody dynamics in the context of multi-axis machines has been less studied.
While machine model estimation with multibody dynamics is very much worth investigating, vibration
response due to limited structural rigidity is also an important attribute that must be considered
simultaneously, especially as it is prevalent in medium-to-large-sized multi-axis machine tools.
Furthermore, when nonlinear multibody dynamics are invloved, the vibratory behavior also becomes
nonlinear and posture-dependent. Hence, the machine vibratory dynamics should, in the ideal case, be

studied hand-in-hand with multibody dynamics.

However, rather than resorting to computationally expensive and highly complex flexible multi-body
(FMB) approaches, which are typically generated via FEM and model truncation, a more practical and
physically interpretable approach would successfully fill the gap between simple (rigid body)
decoupled modeling and highly complex FEM approach, thereby allowing computationally efficient
and sufficiently accurate models which can be readibly applied in industry as easy-to-identify, easy-to-
use and sufficiently accurate ‘digital twins’. This has been the primary motivation of this thesis

research.

1.2 Research Objective

This thesis has focused on estimating dynamic models of multi-axis feed drive control systems, directly
from field (i.e., in-process CNC) data, or sometimes non-intrusive instrumentation (e.g., low-cost
sensors), which can be used for the purposes of process planning, optimization, and machine and
process monitoring. Table 1-1 shows the roadmap of the conducted research. Specifically, this thesis

has aimed at extending the earlier rapid identification methodologies [6][7][8][9], to consider dynamic
3



coupling effects between the axes and the structural flexibility. In addition to utilizing servo data from
CNC, data from low-cost and practical auxiliary sensors, e.g., an IMU (Inertial Measurement Unit), has
also been utilized for identifying a model which can capture both coupled multibody dynamics, and

also structural vibrations.

Table 1-1 Research roadmap on digital twin estimation for multi-axis machines.

Model assumption
Erkorkmaz et al. [4] Decoupled single-axis Rigid body model
Tseng et al. [7] Decoupled single-axis Flexible model
Chapter 3 ~4 Coupled multi-axis Rigid body model
Chapter 5~ 7 Coupled multi-axis Flexible model

The major research contributions are two new identification methods listed as follows:

A. A new identification method for closed-loop control system of coupled rigid multi-axis feed drives.

This has been achieved by incorporating the identification for multibody dynamics, and the
decoupling of the nonlinear open-loop MIMO (multiple-input multiple-output) dynamics from the
closed-loop MIMO LTI (linear time-invariant) dynamics. This contribution is detailed in Chapter 3
and Chapter 4.

B. A new identification method based on Contribution A, where structural flexibility is also

considered. In addition to considering the nonlinear multibody dynamics, the structural vibration is
captured by extending the higher-order MIMO LTI portion of the model. In this step, it is seen that
an IMU measurement is essential to reconstruct the internal vibration signal (as velocity and
acceleration terms), as this response cannot be readily captured with the existing position feedback
sensors on a servo control system. This contribution has been developed in Chapter 5 through

Chapter 7.

1.3 Thesis Layout

Chapter 2 is a literature review covering relevant literature to this thesis, such as the modeling of

machine tool feed drives, an overview of 5-axis machines, and an introduction to IMUs.

Chapter 3 presents the identification of the open-loop (plant) dynamics. The identification takes
numerous physical phenomena into account, such as multibody dynamics, motor ripple, and nonlinear
friction. Although the methods reviewed in this chapter are prior art, they are essential to the

methodologies developed in the later chapters.
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Chapter 4 introduces a new identification method for closed-loop control system of coupled rigid multi-
axis feed drives. An equivalent dynamic model and the corresponding identification procedures are first

elaborated, followed by experimental validation using two different multi-axis feed drives.

Chapter 5 extends the method in Chapter 4 to also consider the structural flexibility. As structural
flexibility can lead to a very broad set of dynamic system equations, the research scope is first defined
and limited by analyzing the prominent types of vibratory dynamics in a general linear (translating)
feed drive. Then, adding a rotary drive on top of a linear drive (which is common in machine tools), it
is found that if there is significant structural flexibility between the linear and rotary drives, the model
identification additionally requires a motion sensor, e.g., an IMU, to measure the internal structural
vibration, which is missing from the feedback of regular position sensors. Then, this case has been

experimentally studied in the following chapters.

Chapter 6 first introduces the experimental feed drive with an [-beam type flexible connection element.
As an IMU is intended to be used, its relevant fundamental utilization techniques, such as strapdown
integration and sensor fusion, are reviewed and applied. Then, the missing vibration of the I-shaped

flexible structure is reconstructed by a method by comparing the rigid and flexible kinematic models.

Chapter 7 presents the results of the model identification for the experimental drive. The data from the
CNC and the IMU are simultaneously utilized to identify the dynamic model. Not only inter-axis
dynamic coupling effect, but also posture-dependent vibratory behavior can be accurately predicted by
the identified model. Hence, the proposed identification methodology is validated been, which can be
applied and extended for building comprehensive models of a coupled multi-axis feed drive control

systems, with mechanical flexibility.

Finally, the conclusions and future research directions are presented in Chapter 8.



Chapter 2

Literature Review

2.1 Introduction

Establishing high-fidelity models of feed drive control systems is critical for virtual process planning.
Using the models, the process planner can evaluate the cycle time and control system positioning
accuracy. Such models can also enhance process monitoring and provide insight regarding the machine

condition.

To achieve higher productivity and versatility, in recent years high-speed machine tools with diverse
axis configuration have emerged. Such design trend leads to more complex machine dynamics, as it
involves structural vibrations, and also the interaction between axes. In the context of virtual process
planning, the influence of these dynamic effects on the dynamic performance of the machine tool must

be addressed. The literature review regarding the above research motivation is arranged as follows.

In Section 2.2, literature on the structural dynamics of machine feed drives is presented. This topic is
more or less foundational in machine tool research. In addition to structural dynamics, this thesis aims
at the modeling and identification of “the entire feed drive control system”, so that the control
performance with respect to a certain inputs (such as command trajectory or disturbance forces) can be
predicted. This is beneficial to the planning and monitoring of production systems. In Section 2.3, such
a modeling concept (Virtual CNC) and an identification approach in a top-down sense (rapid
identification) are presented. Section 2.4 introduces the configuration and recent design trends of high-
performance 5-axis machines. It is found that, in addition to mechanical vibration, the inter-axis
dynamic coupling originating from multibody dynamics is critical. Since this issue has been
investigated more thoroughly in robotics than in machine tools, Section 2.5 reviews the modeling and

identification of multibody dynamics in the field of robotics.

The proposed identification method for a multibody system with mechanical flexibility requires extra
motion sensor(s), to capture missing internal structural vibration. A variety of motion sensors are
surveyed in Section 2.6.1. As IMUs are suitable for this application, this sensor is introduced in Section
2.6.2. To obtain the best estimated attitude information, the IMU signals have to be processed by a

sensor fusion algorithm, reviewed in Section 2.6.3.



2.2 Modelling of Structural Dynamics of Machine Feed Drives

2.2.1 Rigid Body Dynamics

A feed drive including the mechanical structure (assumed to be rigid) and the current amplifier can be

simplified as in Figure 2-1.

A current command I; is sent to a current controller, which is usually embedded in an amplifier for the
purpose of servomotor control. The current controller regulates the actual armature current / in order
to compensate the back electromotive force (EMF) voltage E;, and the electrical dynamics
characterized by inductance L and resistance R when the armature is rotating by (angular) velocity w.
The bandwidth of the current control is substantially higher than that of velocity and position control.
Therefore, when analyzing the mechanical response, it is common to neglect the current controller and
electrical components’ dynamics , i.e. I = I. Then, the motor torque 7 can be indirectly measured

by K;I, where K; is the actuator torque constant.

PI current controller Electrical dynamics Mechanical dynamics
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Figure 2-1 A feed drive as an electro-mechanical system.

Assuming that the mechanical structure is sufficiently rigid and driven by a smooth trajectory (lacking
high-frequency content which would excite structural vibrations), the mechanical plant can be
simplified as a rigid body with inertia .J and viscous damping B. Then, the dynamic equation can be

written as:

w(s) = [t — 4] (2.1

Js+B

Assuming 74 as a constant Coulomb friction, then J, B, and 74 can be simply estimated by Least

Squares (LS) estimation using the measured /; and w, as such in [10].



2.2.2 Vibratory Dynamics

Vibratory dynamics are very essential characteristics for the machine tool feed drives, as the servo
(actuation) force also excites the mechanical resonance. This constitutes a limit to allowable maximum
acceleration and jerk values in trajectory planning. In addition, process (machining) forces also excite
the vibratory dynamics, which leads to wavy surface finish or even unstable (chatter) machining

conditions.

In industrial machines, one of the most common actuation mechanisms is the ball screw drive, of which
the flexibility is one of the primary issues causing machine tool vibrations. A flexible ball screw drive
can be simply described by a two-mass spring-damper model in Figure 2-2, which captures the rigid-
body mode and the dominant vibratory mode. More complicated lumped models for capturing higher-
order axial and rotational modes [11][12][13] have also been proposed, as shown in Figure 2-3-Figure

2-5.
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Figure 2-5 Ball screw feed system, axial (a) and rotational (b) model [11].
Machine frame vibration is more complicated and harder to describe by lumped models with physical

meaning. Instead, it can be modeled by FEM.

Alternatively, a generalized expression for servo systems with inherent vibratory modes can be
described by the modal analysis technique, assuming proportional damping characteristics — which

seems to agree well with most machine tool structures:
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This dynamic equation can be used for a single drive with one rigid-body mode and N decoupled
flexible modes, where wy,;, {;, and m; are natural frequency, damping ratio, and modal mas of the ith
mode. Then, the parameters can be determined by system identification. Prior to the author’s PhD study
at U.Waterloo, he successfully used this approach to identify feed drives in a 3-axis milling machine
[14] (see Figure 2-6). The feed drive was excited by a swept-frequency sine torque input. The position
feedback is measured for the curve fitting in the frequency domain to identify multiple flexible modes.
Those modes could originate from the ball screw vibration, as well as the complex machine tool
structure vibration. The identified transfer function G (s) is later integrated with the controller model
and friction model. Thus, the tracking error in the time domain can be predicted. The control parameters

can also be automatically optimized based on the identified model.
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Figure 2-6 Identification and simulation result for a flexible drive [14].

In general, lumped mass-spring-damper modeling is suitable for building a computationally efficient
model, where the parameters can be identified by input/output signals collected from the CNC. But if
the parameters in the model are constants, this type of model cannot consider the position-dependent

dynamics problem, i.e., the natural frequency changing with axis travel [15].

2.2.3 Machine Structure Analysis by Finite Element Method (FEM)

As shown in Figure 2-7, FEM can model the flexibility of the structures with complicated geometry. It
is an essential tool to shorten the time-to-market during the product development stage and widely used

in the machine tool industry [16][17].
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Figure 2-7 A FE-model of machine tool  Figure 2-8 Displacement portions analysis for
structure [17]. three cutting load cases [18].

Generally, the complex machine structure is represented by 3D-solid elements, while the joints,
including the guideways and bearings, are simplified by lumped elements for reducing the
computational cost. Figure 2-8 demonstrates an example of FEM analysis, which evaluates the tool
deflection contributed by each component [18]. This also reveals the necessity of using FEM, because
the column and machine bed contribute considerable deflection, which cannot be easily analyzed with
lumped models. For the purpose of analyzing the performance of the feed drive, in his earlier study, the
author successfully used FEM to simulate mode shapes excited by the motor actuation force (see Figure
2-9). This is important information, which can be used to optimize the machine tool structure. For
example, the author applied structural topology optimization to a machine tool head structure (see

Figure 2-10) [19]. These examples show the benefit of FEM in machine tool design.

However, the accuracy of the simulation relies highly on the correctness of the properties of each
component, e.g. contact stiffness and damping of the guideway, material density and Young’s modulus
of the cast iron frame, etc. In addition, the contact stiffness and damping may change with the assembly
processes and contact conditions, e.g. surface roughness, lubrication, preload, component wear, etc.
Thus, these properties show noticeable variation [20]. They can be identified by dedicated experiments
[21][22][23][24] under certain conditions. Figure 2-11 [24] is an example of measuring the equivalent
contact stiffness and damping for a given component. The component tested has to be disassembled
from the machine and mounted on a test bench. This approach, while being a valuable contribution to
new fundamental knowledge, is difficult and intrusive to apply on machine tools already in use on a

shop floor.

Additionally, the FE analysis requires highly detailed machine design information, e.g., complete
computer-aided design (CAD) models, which may not always be disclosed to the end users in industry.

As a result, this type of bottom-up model-building approach is usually more suitable when the
10



machine is still in the design or development stage. The obtained results can guide the machine designer
to understand and compare various sources of flexibility, vibratory response, and positioning error. It
is no coincidence that majority of such research originates from countries with highly active machine

tool industries.

Figure 2-9 Modal analysis of the whole Figure 2-10 Structural topology optimization
machine structure [14]. of a machine tool head [19].
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Figure 2-11 A measuring system for the normal contact stiffness and damping [24].

2.2.4 Friction Modelling

Friction is a result of complex interactions between two contacting surfaces with relative motion [25].
When machining accuracy tolerance is down to the micron-level, the friction in feed drives becomes
one of the primary sources of positioning errors. Common undesired friction induced phenomena,
which deteriorate the positioning accuracy, are outlined below. At velocity reversals, quadrant glitch is
unavoidable due to the static friction. At extremely low velocity, stick-slip phenomenon may occur and
even induce unwanted vibration. Thus, a limit cycle behaving as fluctuating motion around the
positioning reference may occur due to the interaction between the integral control and nonlinear

friction. The above phenomena can be represented by various friction models, as illustrated below.

11



Static (Classical) Friction Models

In classical friction models [10][25][26], the friction force Fr (v, F,) is a function of the relative velocity

v and the applied actuation force F, as:

s(v) + o,v ifv+0
Fr(v,F) = Fy if v=_0and |F,| <F, (2.3)
Fssign(F,) otherwise

F; is the breakaway force, and o is viscous friction coefficient. s(v) can be a simple Coulomb friction

model, such as s(v) = F.sign(v), or a Stribeck curve as:
s(v) = sign(v)(F, + (F — F)e™1"/%!) (24)

Above, F,, F;, and v are Coulomb friction, Stribeck friction, and Stribeck velocity respectively. This
model uses inequalities and if-else criteria to determine the friction at near-zero velocity, i.e. the stiction

region. This model is simple, but has several drawbacks as illustrated in the following.

Problems in Numerical Simulation

In numerical simulation, it is difficult to find the exact zero velocity and the discontinuity due to the
sign function. Numerous modifications have been proposed [25]. For example, Karnopp [27] proposed
a modified friction law which sets a narrow region around zero velocity. In the slash region in Figure
2-12, the velocity is considered to be zero, and the stiction is then determined by other forces in the
system. Brown and McPhee [28] proposed an approximated continuous friction model as a function of

velocity (see Figure 2-13). The model can avoid discontinuities and is differentiable.
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Figure 2-12 Karnopp friction model [26]. Figure 2-13 Continuous friction function [28].

Another major drawback is that, the friction acting on each body in a multibody system is dependent

on the coupled constrained reaction forces. Thus, the analytical value of friction or stiction cannot be

12



determined explicitly [29]. Haug [26] demonstrated a simulation of a simple three-mass planar
mechanism considering friction and stiction. Since the value of stiction and other applied forces should
satisfy static equilibrium conditions, in the three-mass system, the analytical stiction criteria turns out
to be a large number of inequalities. Hence, the extension of analytical stiction criteria to general

multibody systems is still an open research area.

Microscopic Displacement in the Pre-Sliding Regime

It is important to recognize that Eq.(2.3) are not fully accurate, physics-wise, as a deflection is normally
experimentally observed at the microscopic scale, even breakaway force is not reached, which is
characterized as the pre-sliding regime. In this regime, friction tends to be a function of position [30].
Armstrong [25] has extended classical friction models and proposed a seven-parameter model, which
captures the pre-sliding displacement and several friction behaviors. The model essentially integrates
two separate models for pre-sliding and sliding regimes respectively. However, the transition between
the two regimes is not obvious. As a result, this model has not found wide adoption in practical

engineering applications.

Dynamic Friction Models

One of the earliest attempts to describe the friction in the pre-sliding regime was the Dahl model [31],
proposed in the late 1960s. The Dahl model was further developed and refined by subsequent efforts,
such as the LuGre friction model [32], which captures the Stribeck effect and stick-slip motion. Later,
Swevers et al. [33][34] proposed a more elaborate model, called the Leuven model, which includes the
frictional properties of the LuGre model and an accurate description of the pre-sliding regime using a
hysteresis function with non-local memory. Building on these works, the generalized Maxwell-slip
(GMS) model [35] is one of the most recent dynamic friction models, which best captures both the pre-
sliding and sliding dynamics of friction in mechatronic systems. This model is essentially a hybrid of
the LuGre model and the Maxwell-slip model that was applied in the Leuven model. The GMS model
is composed of N elementary slip-blocks and spring elements. It successfully captures the hysteresis
effect and frictional memory observed during pre-sliding, and also the Stribeck-type velocity dependent

behavior.
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2.3 Modelling and ldentification of Feed Drive Control System

2.3.1 Virtual CNC

In the context of machine tools and Industry 4.0 style manufacturing [5], having a virtual model of the
control system, comprising the electromechanical ‘plant’ and the digital controller, is indispensable to
enhance the machining productivity [1]. Following this concept, Erkorkmaz and Yeung [36] proposed
a Virtual CNC system which contains digital models of the controller and the mechanical feed drive
(see Figure 2-14). VCNC aims to emulate a real CNC so that its performance can be tested and
predicted. Several applications are demonstrated, such as predicting the machining accuracy, modifying

process planning (see Figure 2-15), and real-time monitoring [37]. Other research groups such as Sato

[38] (see Figure 2-16) and the author [14] also developed similar simulation environments.
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2.3.2 Rapid Identification

Motivation

In the above section, Virtual CNC has been shown to advance the performance of machine tools.
However, building this model for a machine tool already commissioned in industry is a challenge.
Regarding the mechanical model, as mentioned in Section 2.2.3, the bottom-up model-building
approach using a high-order FE model (which requires disassembly of the physical machine structures
for parameter tuning) is very costly and typically not practical. Building the models of commercial
controllers is also challenging. Most commercial CNC providers, like FANUC, Siemens, and
HEIDENHAIN, unfortunately do not disclose their control laws in full detail. In some cases, the

controller model could be built by a bottom-up approach.

As shown in Figure 2-17 [14], the author built a realistic FANUC controller model which operates
according to the control parameters from the CNC panel by a reverse engineering approach. However,
this approach is time-consuming and not universal. It involves decoding the control parameters and
extensive investigation on the controller product itself. The model is specific only for this product.

Therefore, once the control system is upgraded or changed, the investigation has to be repeated.
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Figure 2-17 A block diagram of FANUC controller built by a reverse engineering [14].

With the increasing accessibility of the data from commercial CNCs, an alternative approach of
building a model is utilizing the input and output data of the control system collected during the

machine’s operation. The data are used to fit simplified models with only sufficient fidelity in a top-

down sense. Such approach is non-intrusive and does not cause unproductive machine downtime on

the shop floor. Thus, it is favorable and practical for the industry.
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The concept of rapid identification [4] (see Figure 2-18) considers the closed loop control system as a
whole. This general expression can represent PID and P-PI control systems controlling decoupled axes,
as shown in Figure 2-19 and Figure 2-20, which are commonly used in industry. In rapid identification,

the actual (i.e., measured) position x is considered as the response of the commanded position x,..r and

disturbance d in a general expression:

x(s) = Gtrack(s)xref(s) + Gaise (5)d(s) (2.5)

The disturbance d(s) usually refers to the friction which can be represented by various models, such
as Coulomb friction, as a function of feed drive motion. It implies that the transfer functions, G¢yqcr (S)
and G5 (s), as well as the friction model, can adequately capture the dominant dynamics of the feed
drive control system. The commanded position x,.; and actual position x are collected to identify the
parameters of the transfer functions. In Eq.(2.5), G¢rqcx and Gy have different numerators but share
the same denominator. Since the system involves a rigid body motion feedback controller with an

integrator, the denominator assumes the structure of a 3rd-order polynomial as:
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A(s) =s3+a;82 +ays+az = (s + p,)(s? + 20, w.s + w?) (2.6)

To ensure that only stable models are estimated, which is a reasonable assumption, pole locations, as
shown in Figure 2-21, can be found by imposing constraints, on global optimization methods, such as
Genetic algorithm [39], Particle Swarm Optimization [9], or global search algorithms [7][8]. Then, the
rest of the term (i.e., zeros and gain) in all the transfer functions and the parameters in the friction model

can be estimated by Least Squares (see Figure 2-22).
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Figure 2-24 Tracking error prediction based on experimental data from a machine tool and
flexible fixture assembly [7].

The expression Eq.(2.5) can be generalized as a high-order multi-input multi-output (MIMO) model

[8], according to the user’s interest, to additionally consider vibratory dynamics [7]. A two-mass
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flexible drive model (see Figure 2-23) has two inputs (x,, d;), and two outputs (v, e;). Figure 2-24
shows that this model enables the prediction of vibratory behavior in tracking error. The real tool-

workpiece motion (red line) is very close to the prediction results (yellow and blue lines).

Among all the published papers at present, MIMO high-order identification has not yet been applied to

multi-axis machines with coupled dynamics. This is one of the contributions achieved in this PhD

thesis.
2.4 Five-Axis Machine Tools

Machine Configuration

Excluding the degree of freedom of spindle rotation (which becomes important only in specific
operations, such as thread cutting), five degrees of freedom are the minimum requirement to define the
relative position and orientation between the tool and workpiece. A five-axis machine tool can be
composed of any combinations of five linear and/or rotational axes. Most of the existing 5-axis machine
tools are composed of 3 linear axes X, Y, Z and 2 rotary axes AB, BC, or AC (A, B, and C designating
rotations around X, Y, Z, rep). These five axes can be distributed in either the tool side or the workpiece
side with different sequences. Figure 2-25 exemplarily demonstrates 3 different configurations for AC
type rotary axes with XY axes at the workpiece side and Z axis at the tool side. According to the above
classification, there are hundreds of possible configurations for 5-axis machine tools. The pros and cons

of different configurations for 5-axis machine tools were investigated in [40][41].
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Figure 2-25 Different distributions of A and C rotary axes [41].
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Recent Trends in Machine Tool Design

In the past, a machine shop may have been equiped with multiple dedicated machines for different
processes. However, this requires large investment, large footprints, and more time spent in loading
and unloading workpieces between machines with low utilization rate. Koren, as a pioneer in the 90’s,
proposed reconfigurable machine tools for realizing reconfigurable manufacturing systems (RMS), in
order to handle fluctuating orders from the markets [42]. In practice, multi-functional machine tools
gained popularity in the market after 2000 [43]. The concept of multi-functional machines is essentially
integrating differents processes in one versitile machining center (see Figure 2-26 (a)). They can be
designed originating from a turning machine or a milling machine (see Figure 2-26 (b) and (c)). The
tooling is also changeable from milling, turning, boring, grinding, to gear skiving and gear hobbing.
Such machines are sometimes also integrated with built-in part measurement (metrology) capabilities.
Additionally, hybrid manufacturing capability can also be integrated by exchanging the conventional
spindle used for subtractive machining with a laser nozzle for additive manufacturing [44]. Therefore,

it is a clear and foreseeable trend that the configuration and kinematics of modern machine tools is

becoming more complex and diversified.

(a) Integrated machining  (b) Turn-mill machine center. (c) Mill-turn machine center.
process.

Figure 2-26 Modern machine tool and process [45].

It should be noted that the application of direct drive motors has been one of the integrated features in
the above new developments [43]. In the past, rotary axes were mostly driven by a motor with a speed
reduction mechanism, such as a worm gear. However, these types of mechanisms exhibit large friction,
backlash, and mechanical flexiblity. In contrast, direct drive motors have superior servo dynamic

response, without the above drawbacks. They can achieve higher rotational speeds and accelerations
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compared to using a geared transmission, thereby allowing higher feedrates and productivty in part
machining. However, due to the absence of a speed reduction mechanism, the feed drive becomes more
sensitive to the forces resulting from the coupled dynamics between axes, and the disturbances such as

machining forces and friction. As a result, the study of the dynamics of multi-axis machines is a highly

relevant and important topic at the moment, in the manufacturing and machine tool research

community.

2.5 Multibody Dynamics

In the past, the motion of machining processes was rather slow, due to the spindle speeds also being
lower (in the order of a few thousand rpm, rather than over 15 thousand RPM). Also, rotary axes were
mostly driven by geared mechanisms. Thus, the net force in an individual axis is dominated by its
inertia and friction, with coupling effects being strongly mitigated due to the gearing. Thus, the

dynamics of each feed drive could reasonably be modeled independently.

However, in next generation machine tool design, as the factors illustrated in Section 2.4, the machine
configuratrion is becoming more complex and diversified, and direct drive motors are more commonly
used. Thus, the issue of coupled multibody dynamics in machine tools is gaining more attention and
research importance. As studies on multibody dynamics in the field of machine tools are still relatively

new, the review in this section focuses on the state-of-the-art in the field of robot manipulators.

2.5.1 Multi-Rigid-Body Dynamics

Both Newton-Euler equations and Euler-Lagrange equations are able to analyze the dynamics of a
multi-axis feed drive [46]. Newton-Euler equations relate all the applied force and torque to the linear
and angular momentum for each body. Thus, the internal constraint forces/torques for connecting the
bodies have to be solved or eliminated during the computation. Additionally, each body is represented
by its corresponding mass and complete inertia tensor. Therefore, all the parameters are required in

order to formulate the equations.

On the other hand, in Euler-Lagrange equations, the system dynamics is described by generalized

coordinates q and generalized forces 7. The Lagrangian L is defined as:

L(q,q) = K(q,q) — P(q) (2.7)
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K is the system kinetic energy from the translational and rotational motion of all the bodies. P is the
system potential energy. In rigid-body systems, only the gravity contributes the potential energy. Then,

the equation of motion of the jth coordinate can be derived in terms of work and energy as:

—— - =1 2.8)

Considering an n-axis machine tool feed drive system, if all the joint variables are chosen as the
generalized coordinates ¢ = {q, ..., ¢»}", the constraint forces for connecting bodies at the joints are
in the orthogonal direction to the generalized coordinates (i.e., directions of movement). According to
the principle of virtual work, this implies that the knowledge of constraint forces is not required in the
analysis. Thus, the generalized forces can just include the joint actuator forces. Additionally, non-
conservative forces, such as friction, can also be included in the generalized forces term. Then, Eq.

(2.8) can be written into the form as:

M(q)q + C(q; q)q + g(q) + Tfric =7 (2-9)

M is the inertia matrix, which relates the mass and inertia in body-fixed frame to the generalized
coordinates. So, M can be position-dependent. The centrifugal and Coriolis terms are included in
C(q, q)q, while g covers the gravity related terms. Ty is the friction term, which can be represented

by linear viscous damping, nonlinear Coulomb friction, Stribeck friction or other model.

Newton-Euler equations vs. Euler-Lagrange equations

For the purpose of control and system identification, Lagrangian formulation provides advantages over
Newton-Euler formulation, due to the following reasons [46]. First, it is convenient to consider the
elastic deformations of the links, simply by adding the potential energy stored by the elastic deformation
to the Lagrangian. Second, since unknown internal constraint forces are automatically eliminated, it
yields closed-form equations explicitly describing the input-output relationship. Third, the equations of
motion only include non-redundant parameters, also called ‘base parameters’ or ‘identifiable
parameters’ [47], which are linear with respect to the equations. Therefore, it is convenient to
reformulate the equations of motion into linear regression form to identify the unknown base

parameters.
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2.5.2 Multibody Dynamics Considering Mechanical Flexibility

In robot manipulators, there are numerous sources of flexibility such as gears and bearings at the joints,
and the links. The joint flexibility is usually the dominant one. The modeling technique for the flexible
joints and flexible links are introduced in the following section. It is noteworthy that a recent new
application of robot manipulators is the machining operation [48][49][50][51]. Therefore, detailed

studies related to the robot stiffness in different postures have been emerging recently [52][53].

Flexible Joint

In robot manipulators, the motor in each joint is often equipped with a gearbox in order to generate
sufficient torque. The gear teeth usually contribute most of the elastic deformation among the whole
structure. Such joint stiffness can be represented by a torsional spring which connects the motor shaft
with the actuated link (i.e., robot arm) (see Figure 2-27) [54][55]. Then, the equations of motion Eq.
(2.9) can be extended as:

{M(q)ii +S(@dm+Ca.4)qg+9(@)+K(q—q,,) +D(G—q,,) =0 2.10)

M4 + ST(q)q +K(G@m—q) +D(@m—q) + Trric = Tm

The usual notation in this thesis follows the textbook written by Shabana [56]. Besides the joint
coordinates g, the angular positions of motor shafts q,, are further introduced into the model. M,,,, S,
and t,, are the inertia of the motor shafts, coupling term, and the motor torque before transmitting to

the link via the gearbox. K and D represent the stiffness and damping of the gearbox.

Tuf- +q nk :
Flexible link
LINK 1 ELASTIC | Qm :
ELEMENT 5 :
q IC-+M * "I wd
MOTOR - R Multi-dimensional
) RoTOR Qe \] TR : spring-damper pairs
LINK 1-1
Figure 2-27 Flexible joint model [54]. Figure 2-28 Extended flexible joints model [59].
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Extended Flexible Joint

The flexibility of bearings and the machine frame could also be considered by extending the above
model in the following ways [57][58][59] (see Figure 2-28). For example, the original uni-directional
spring-damper pairs in the actuated joints can be replaced by multi-dimensional spring-damper pairs,
in order to capture the deformation perpendicular to the rotation direction. A rigid link can be divided
into several links connected by multi-dimensional spring-damper pairs to represent the bending of a
link. However, determining these non-actuated joints at suitable location and orientation is challenging,

which may require some understanding of the vibration characteristics in advance. In this thesis, this

approach has been followed in Chapter 5-Chapter 7 for the estimation of a multibody feed drive model

with inherent flexibility.

o (x,.1)

Yo, (x,,,.1)

Figure 2-29 Flexible link model.

Flexible Link

The bending of the links could be represented by a distributed elasticity model, e.g. Euler—Bernoulli
beam, which is described by partial differential equations with infinite dimension. In practical
application, the dynamic equations are truncated to a finite dimension by the ‘Assumed Mode Method’
[60][61]. As described by the assumed mode method in [58] and shown in Figure 2-29, for a system
with N links, the bending deflection w; at a location x; € [0, ;] along the ith link of length [;, is

represented by N,; separable vibration modes ¢;; as:

Nel
Wi(xi,t) =Z<pl](xl)6l](t),l =1..N (211)
=1
6;; are the generalized coordinates. Then, the equations of motion Eq. (2.9) can be extended as:
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6 includes all §;;. The assumption is that the vibration is relatively small. Deflection due to the vibration
does not affect the joint location for large body motion. Therefore, the rigid body motion can be
separated from the small vibration, and the same kinematic models as for the rigid or flexible joint

model can be used. Finally, the deformed angular position y; at the tip location [; of the ith link is the

combination of the rigid body motion and the deflection angle as:
1
Yi=qit | [0i1 (1), ..., @in,, (1)]6; (2.13)
l

The assumed mode method is based on the beam theory which is suitable for robot manipulators
because the geometry of the links could be simplified as beam structures. However, it may not be

suitable for modeling the machine tool structure as the geometry is rather complex and irregular.

2.5.3 Parameter Identification for Multi-Rigid-Body Dynamics

The research history and the principle of parameter identification, applied predominantly to rigid-body
based robot dynamics, is summarized in this section. Some of the methodology reviewed on this topic

has been applied in Section 3.3 of this thesis.

In the late 80’s, several pioneer researchers, such as Mayeda [47], Khosla [62], Atkeson [63], Gautier
[64], and Olsen [65] initiated the research on parameter identification for robot dynamics. The relevant

identification schemes are summarized in [66][67][68]. A general approach is described as follows.

First, the dynamic model in Eq. (2.9) is rearranged and expressed in linear form with respect to the
parameters to be identified. As mentioned, the dynamic model derived by Lagrangian formulation
yields the base parameter representation, convenient for parameter identification. Coulomb and viscous
friction properties can also be added to the model since their parameters can also be incorporated into

the equations in linear form [66].

The position and the input torque of each joint are sampled while executing an excitation trajectory.
Then, an overdetermined linear system is constructed from the sampled data. The base parameters can
be estimated by several methods, such as LS, weighted LS [69], extended Kalman filtering [70], or

maximume-likelihood estimation [71]. Other potential estimation techniques can be found in [72].
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To ensure that the system is fully excited, and that the sampled data is persistently exciting (i.e.,
informative) to identify the system, the command trajectory can be designed to minimize the condition
number of the observation matrix by non-linear optimization methods. The excitation trajectory can be
designed as a polynomial trajectory [73] or as a periodic Fourier series [71]. If the measured position
signal is corrupted by noise and/or quantization error, when computing the velocity and acceleration
by discrete differentiation, filtering techniques [69] are needed. Alternatively, the model can be derived
from the energy approach [64][69] based on the principle of the applied mechanical energy equaling
the sum of the kinetic and potential energy of the system. Such an energy model can avoid using joint

accelerations.

2.5.4 Parameter Identification for Multibody Dynamics with Structural Flexibility

The identification of the robot flexibility is challenging and complex [59]. It is still an ongoing research
topic. One of the reasons is that the encoder measurements at each joint only represent part of the states
of the whole system. While model-based state observation is possible, when the model itself is the
entity to be identified, accurate measurement of internal states becomes very important. Furthermore,
the deflection of the flexible structure (e.g., link) is not directly detected. Also, the correctness of the
identification relies on the assumed model structure, requiring significant mechanical flexibilities that
contribute to vibratory behavior be identified ahead of time from modeling insight. Additionally, if
nonlinear effects such as backlash, friction, nonlinear gear stiffness, etc. are considerable, then the
frequency-domain identification approach and associated practices from modal analysis, which are

based on the LTI assumption, cannot be directly adopted.

Table 2-1 Summary of the identification methods for robots with flexible joints.

Time/frequency Algorithm Extra sensors SISO/
domain MIMO
Albu-Schaffer et al. (2001) [74] | Freq.-domain Nonlinear opt. Torque sensor SISO
Pham et al. (2001) [75] | Time-domain LS Extra encoder SISO
Pham et al. (2002) [76] | Time-domain LS Gyro / accel. SISO
Ostring et al. (2003) [77] | Time-domain | Nonlinear opt. N/A SISO
Ohr et al. (2006) [78] | Freq.-domain | Nonlinear opt. N/A MIMO
Lightcap et al. (2007) [79] | Time-domain LS Marker & camera | MIMO
Oaki et al. (2009) [80] | Time-domain Hybrid Gyro / accel. MIMO
Wernholt et al. (2011) [81] | Freq.-domain | Nonlinear opt. N/A MIMO
Moberg et al. (2014) [82] | Freq.-domain | Nonlinear opt. Gyro / accel. MIMO
Gazetal. (2014) [83] | Time-domain LS Torque sensor MIMO
Miranda et al. (2018) [84] | Time-domain LS Extra encoder MIMO
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In Table 2-1, the surveyed identification methods for robots with flexible joints are summarized. As
seen, if employing extra sensors to capture missing variables, then identification by LS in the time
domain becomes possible [75][76][79][80][83][84]. Otherwise, the model parameters have to be

identified by nonlinear optimization methods, which are typically more time-consuming [77][78][81].
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-

~
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10 20 30 40

Frequency (Hz)
Figure 2-31 FRFs of a 6-axis manipulator, motor Figure 2-32 Identification based on
torque to motor acceleration [78]. different model structures [82].

In the earlier research, the stiffness of each joint was locally identified by moving one axis at a time. In
such cases, each joint is assumed as a decoupled SISO model. For example, Figure 2-30 is a three-mass
decoupled model capturing the flexibility of the gear and the arm of a single axis [77]. However, lateral
flexibility and coupling effects are ignored in this approach. To circumvent this problem, Ohr et al. [78]
performed a global MIMO identification in the frequency domain on a 6-axis manipulator. The
measured and simulated frequency response functions (FRFs) are compared in Figure 2-31. The model

considers the joint stiffness as well as unactuated bearing stiffness built by an extended flexible joint
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model. Based on this approach, Moberg et al. [82] further investigated the influence of considering

different numbers of extended flexible joints on the fitting of the cost function (see Figure 2-32).

Regarding the use of additional motion sensors, as demonstrated in Figure 2-33, the deflection of the
links can be measured by extra encoders mounted externally [75][84][85]. However, such sensor
installation is sometimes impractical. Hence, gyroscopes or accelerometers are used [76][80][82] to
capture the motion of the links or the end effectors. Alternatively, the torque transmitted to the links

can be measured by torque sensors [74][83]. This information can also help identify the model.

Joint 2
Application poing

Sensor

Harmonic Drive
-

Payload ' 2nd Harmonic Drive

J i« 2nd Accelerometer = " "l Decodel:
(a) Passive markers motion (b) Accelerometer & gyro (c¢) Extra Encoder mounted
camera system [79]. sensors [80]. externally [85].

Figure 2-33 Identification with extra motion sensors.

Another concept to evaluate the stiffness of flexible robots is via Cartesian stiffness matrix [48]. It
measures the joint’s deflection as well as the translational and rotational displacements at the end-
effector location with given applied forces and torques [86][87]. Such approach aims to correlate the

stiftness at the end-effector with the stiffness at joints by the kinematic Jacobian matrix.

2.6 3D Motion Sensing for Precision Engineering

The research goal of this thesis is to build a machine model which is able to predict the tool-end and/or
table-end motion, including vibration and rigid body motion in 3D space. However, the embedded
encoder sensors for feedback control can only detect the motion at the encoder’s mounting location.
The vibration in other locations is unknown. In order to capture this additional motion, extra sensors
are required. Section 2.6.1 presents a survey on the available candidate sensors, and Section 2.6.2
introduces MEMS IMUs, the auxiliary sensor adopted in this research. Such IMUs also require

adequate sensor fusion, which is discussed in Section 2.6.3.
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2.6.1 A Survey on Candidate Position Sensors

X = One division: Sum
Figure 2-34 Grid encoder (KGM) [89].  Figure 2-35 Contouring error measured by KGM
(left) and position feedback signal (right) [90].
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A wide range of sensing technologies have been applied for precision positioning [88]. In machine
tools, capacitive, eddy current, and inductive sensors are not applicable due to the limited measuring
range, e.g. a few millimeters. Laser interferometers are capable of long-range measurement, e.g. tens
of meters, but limited to one dimension at a time. In the machine tool industry, grid encoders (KGM)
(see Figure 2-34) are mainly applied for testing contouring accuracy [89][90] in 2D planar motion.
Figure 2-35 shows different contour errors measured by KGM and the position sensor for feedback
control. It also demonstrates the necessity of using additional sensors for capturing the tool-workpiece
relative motion more accurately, which cannot otherwise be picked by the servo feedback position
encoders. Law et al. [91] applied high frame rate cameras to measure machine tool vibrations. However,
this method is also confined to planar motion, unless stereoscopic vision is used, and requires dedicated

image processing techniques.
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Figure 2-36 Accelerometer assisted position feedback control [92].

Abir et al. [92] use an IEPE (Integrated Electronics Piezo-Electric) accelerometer to capture the relative
vibration of the machine frame (see Figure 2-36). An IEPE accelerometer is excellent in capturing

vibration. However, it cannot accurately capture rigid body motion, due to its inherent behavior as a
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high-pass filter. In the next section, IMUs (Inertial Measurement Units) are specifically introduced

since it is more suitable for sensing rigid body motion in space.

2.6.2 Introduction to MEMS IMUs

An IMU (Inertial Measurement Unit) is an integrated sensor consisting of a triaxial accelerometer and
a triaxial gyroscope, which together measure linear accelerations and angular velocities. The motion
orientation can then be estimated by the measured information [93][94]. IMUs have been widely used
in many applications, such as aircraft navigation, automobiles, control of mobile robots, locomotion
recognition, etc. They have also has been integrated in cellphones for more functionalities. Regarding
machine tool applications, IMUs have not yet been widely applied to this field. Vogl et al. [95] used an
IMU as metrology equipment to inspect the positioning error of a feed drive (see Figure 2-37),
investigating the practicality of replacing a laser interferometer system which is typically used for long

measurement tasks.
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Figure 2-37 Positioning error inspected by IMU [95].

The behavior of angle random walk and bias instability are the main key performance metrics of an
IMU [94][96]. There are a variety of IMUs designed for different applications (see Figure 2-38), and
the size and price are typically inversely proportional to the performance. High performance (military
grade) gyroscopes can be achieved by optical gyroscopes which are based on the Sagnac effect [98].
When two laser beams are travelling along the same path but in opposite directions, a rotational motion
can cause a phase difference between the laser beams. However, optical gyroscopes, whether they are
ring laser gyroscopes (RLG) or fiber-optic gyroscopes (FOG), are bulky and extremely expensive.

Hence, they are primarily only applied to aircraft navigation.
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Figure 2-38 IMU product line, Honeywell [97].

On the other hand, IMUs made by Microelectromechanical system (MEMS) technology are relatively
small, lightweight, and inexpensive [93]. Over the past decade, the performance of MEMS IMUs has
improved significantly. Following this trend, it can be anticipated that more applications will emerge

in the future.

The principle of MEMS gyroscopes is based on the Coriolis effect, where oscillating masses during a
rotational motion induce a Coriolis force. MEMS gyroscopes sense the corresponding changes of
capacitance. MEMS accelerometers also sense capacitance change due to the structural deflection

caused by the inertial force.

Regarding the frequency response of MEMS accelerometers and gyroscopes, they can measure 0 Hz
motion such that gravity and constant acceleration are included in the measurement. The maximum
bandwidth is however only up to a few hundred hertz [99]. Therefore, MEMS accelerometers and
gyroscopes are only suitable for measuring motion with low frequency content. This is successful in

capturing rigid body motion and structural vibrations of machine tools which lie in this range.

2.6.3 Sensor Fusion for Orientation Estimation

Orientation computation is very important for interpreting the IMU signals correctly. This can be

achieved by numerically integrating the measured angular velocities. This step is also called ‘strapdown

integration’. The main error sources for strapdown integration are angle random walk (ARW) and the

bias instability of a gyroscope. ARW is the accumulated angular error due to the integration of
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uncorrelated white noise. Bias instability refers to the random variation of the bias over time. These
errors are further propagated in the acceleration estimation, when extracting the gravity portion from

the measured acceleration.

These errors can be reduced by sensor fusion, which estimates the sensor orientation by fusing the
information from multiple sensors and/or prediction. For example, the inclination (the orientation
except the rotation around the gravity vector, i.e., the pitch and roll angle) can be corrected by
accelerometers which measure the gravity direction. If integrating a triaxial magnetometer, the
measured magnetic field can help correct the heading direction (yaw angle). However, magnetic field
measurement can be significantly affected by local magnetic disturbances, e.g., servo motors. Hence,

magnetometers are not applicable to the machine tool application.

Due to the significant improvement of MEMS IMUs over the past two decades, an extensive effort has
also been made to develop orientation estimation techniques. Well-known and published sensor fusion

algorithms for IMUs are summarized in Table 2-2 and discussed in the following.

Table 2-2 Summary of sensor fusion algorithms for IMUs.

. : Fusion Bias Body acc.
Orientation . o L
algorithm estimation rejection scheme
Rehbinder et al. (2004) [100] DCM KF No Yes
Luinge et al. (2005) [101] DCM IKF Accel. & gyro. Yes
Sabatini (2006) [102] | Quaternions KF Accel. only Yes
Suh (2010) [103] | Quaternions IKF Accel. & gyro. Yes
Yoo etal. (2011) [104] | Euler angle CF No Yes
Lee et al. (2012) [105] | Euler angle KF No Yes
Valenti et al. (2015) [106] | Quaternions CF No Yes

KF: Kalman filter, IKF: indirect Kalman filter, CF: complementary filter

Orientation expressions: As can be seen from the table, numerous equivalent expressions of the
orientation [107] are employed. Euler angles is a sequence of three rotation angles, which are easy to
denote and understand. However, this representation sometimes is not unique, and may lead to
singularity condition, i.e., gimbal lock. In contrast, direction cosine matrix (DCM) and quaternions are
robust, mathematically. A DCM is a three-by-three matrix; a quaternion contains one scalar and a three-
dimensional vector, i.e. four parameters in total, which is more efficient than DCM. In particular, a
quaternion is a linear formulation of the orientation, which, for example, is commonly used when

developing extended Kalman filters [102].
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Fusion algorithms: Three types of fusion algorithms are shown in Table 2-2. Non-model-based filters
such as complementary filters, Mahony filter [108], and Madgwick filter [109] are computationally
efficient, which favors the use of low-cost processors. However, complementary filters are generally
not capable of dynamically estimating sensor biases and adjusting gains with respect to the nonlinear
orientation kinematics. These drawbacks can be addressed by a model-based filter, i.e., Kalman filter,
treating sensor biases as additional states in the system model. A typical Kalman filter implementation
first predicts the orientation by the gyroscope output, and then corrects the predicted orientation using
the accelerometer output. In contrast, an indirect Kalman filter estimates the error of orientation

prediction. The estimated orientation is later obtained by this error estimation.

Body acceleration rejection scheme: Another critical issue is to consider and reject the body (sensor)
acceleration. When a body, where an IMU is attached, is subject to high accelerations, the orientation
derived from accelerometer outputs is no longer accurate. Numerous strategies have been proposed (see
Table 2-2). However, there is still no perfect solution to distinguish the body acceleration from the
gravity among the accelerometer outputs. A general concept of all the proposed schemes is that it
modulates the gains or switches the models with respect to the magnitude of the sensed acceleration.
Therefore, when high acceleration is detected, orientation estimation relies mainly on the gyroscope
outputs and bypasses the information from the accelerometers. When the sensor is at rest, more
weighting is provided on the accelerometer measurement. Hence, even employing the current state-of-
the-art techniques, it is important to recognize that motion estimation for only short period acceleration
periods is acceptable, due to accumulating drift. However, during each ‘rest’ position (which happens
frequently in machine tools), the fusion algorithm can be reset and another packet of short movement

can be monitored and estimated correctly.

Another point to keep in mind is that the sensor fusion algorithm is just one contribution to the overall
accuracy of an IMU. In addition, the design of the micro-structure, fabrication quality, signal processing
pipeline from analog to digital signals, calibration for misalignment and temperature effect, etc. are all

important factors which influence the accuracy of such a highly integrated measurement device [110].

2.7 Conclusions

This chapter has presented a survey of the literature and current state-of-the-art industrial practices in
modeling and identification of multi-axis machine tool and robot servo systems, including effects such
as the control law, the friction and vibrations. Review of foundational theory in multibody dynamics is
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also conducted, and the utilization of auxiliary motion sensors in the measurement of the dynamic
response, which cannot be accurately detected by the servo control system’s own sensors, is discussed.
Building on this knowledge, the proceeding chapters present the accomplished research in this

dissertation.
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Chapter 3

Identification of Open-Loop Dynamics of Multi-Axis Feed Drives

3.1 Introduction

Understanding the structure of open-loop dynamics of the feed drive, i.e., the plant in a control system,
is a fundamental step prior to building the model of the entire feed drive closed-loop control system in
the next chapter. This chapter elaborates the procedure of the parameter identification for the open-loop

dynamic model.

An industrial 5-axis laser drilling machine is studied in this chapter. In Section 3.2, the open-loop
dynamic model of the feed drive assembly is derived according to the machine configuration and
characteristics. Section 3.3 presents the parameter identification via linear Least Squares (LS) with
nonlinear optimization approach. Section 3.4 presents the experimental results. In the next chapter, the

identification of the closed-loop control system will incorporate the results of this chapter.

3.2 Open-Loop Dynamic Model of Multi-Axis Feed Drives

The machine studied here is a 5-axis laser drilling machine. It can drill and penetrate holes by delivering
laser pulses from the nozzle to the workpiece. Integrated with a 5-axis positioning configuration, holes
on freeform shaped parts along any orientation can be drilled. Such a drilling process is applied in the

aerospace manufacturing industry.

The machine configuration is shown in Figure 3-1. The X and Y axes are placed on top of the machine
frame to support the laser nozzle, while the Z, B, and C axes form a serial kinematic chain as shown in

Figure 3-2. Considering the characteristics of machine dynamics, the following assumptions are made:

1. The X and Y axes can be simply assumed as independent decoupled feed drives, due to their
orthogonal configuration.

2. In contrast, the Z, B, and C axes form a serial kinematic chain where the rotary axes make the
kinematics and dynamics inherently coupled and nonlinear.

3. Itis given that the X, Y, B and C axes are all driven by direct drive motors. Therefore, substantial

position-dependent force/torque ripples, acting as disturbances, should be taken into account.
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The dynamic equations for each axis are derived as follows. To make the equations easier to read, each

characteristic is denoted in respective color as the sample equation Eq. (3.1).
u; = Multibody dynamics + viscous damping + Stribeck friction + ripple 3.D
X-axis:
Uy = Myiix + Vyx(x + Cysign(dy) + Sxsign(qx)e~14x/vsxl + Ry Sin(erQX + ¢rX) (3.2)
Y -axis:
Uy = Mydy + Vy Gy + Cysign(qy) + Sysign(qy)e™14/vsvl + Ry, Sin(wrqu + ¢ry) (3.3)
Z-axis:
uz = (Mz + Mg + M¢ + My + Msc)Gz + (Mz + Mg + M¢ + My )(—9)
+ (rcM¢ + zyw My, + 1My, — rBMB)(COS(qB) qz> + sin(qs) éI.B)
+ J’WMW(—2 cos(qg) cos(qc) Gpdc + (QBZ + QCZ) sin(qp) sin(qc)
— sin(gp) cos(qc) §¢ — cos(qgp) sin(qc) fI'B) (3.4)
+ xWMW(Z cos(qp) sin(qc) Grqc + (QBZ + QCZ) sin(qp) cos(qc)

+ sin(qp) sin(qc) Gc — cos(qp) cos(qc) fI'B) + Vzqz + Czsign(qyz)
+ Szsign(gz)e”19z/vsz]
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B-axis:

up = (Ipyy + Icxx + lwxx + Mc1c? + Mprp? + My yw? + My ziy? + My
+ ZMWrCZW)qB + (rcM¢ + zyw My, + 1My, — 15 Mp)(Gz — g) sin(qg)

+ (=Iyzx + My rexy + MWXWZW)((IC2 cos(qc) + Gc Sin(%))

C-axis:

+ (Iny - MWxWYW)(ZQBQC — 2{p cos(qc) sin(qc)

-4 COS(CIC)Z dpqc)

+ (IWyz — My rcyw — MWyWZW)((jC cos(qc) — 4c” Sin(%)) (3.5)

+ (IWxx —lyyy — My xy? + MW}’WZ)(Z cos(qc) sin(qc) 4gdc
- COS(CIC)Z Gp) + My yw (g — Gz) cos(qp) sin(qc)
+ My xy (g — Gz) cos(qp) cos(qc) + Vg ip + Cpsign(qg)

+ Spsign(gs)e~l4s/vss!

+ RB(l + aB|sin(qB + srB)D sin(erqB + ¢r3)

uc = Ugzz + Twzz + Mxw® + My ywic + (Iny - MWnyW)(Z cos(qc)? — gz’

+ (=Iyzx + Myrexy + My xywzy)Gp sin(qe)

+ (lwyz = Mwrcyw — Mywyw2w)ijs cos(qc)

+ (wxx = lwyy = Mwxw® + My yw?) (= sin(qc) cos(qc)ds”) (3.6)
+ Myyw(=gz + g) sin(gp) cos(qc) + Mwxw (§z — g) sin(qp) sin(qc)

+Vedc + Cesign(ge) + Sesign(ge)e™4e/vscl

+ Rc(l + ac|sin(qc + erc)|) sin(wrcqc + qbrc)

The parameters shown in the above dynamic equations are categorized in Table 3-1.

Table 3-1 Parameters of the dynamic model.

Type Notation Description
My, My, M,, Mg, M, My,, Mg Mass of each axis, workpiece, and
equivalent mass of the Z-axis ball screw
Multibody | 75, Tco Xw Yws Zw Location of the center of mass
Isyy » lcxx s Iczz s Twxx » Iwyy » Twzz > | Inertia of each axis and workpiece
Isz> Iny IWyz
- Vi, Vy, V7, Vg, V, Viscous damping coefficient
Friction —_— ping

CX7 CY7 CZ’ CB’ CC

Coulomb friction coefficient
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Sx, Sy, Sz, S, S¢ Stribeck friction coefficient
USy, USy, USz, USg, USc Friction velocity coefficient
Ry, Ry, Rz, Rg, R, Ripple magnitude
Wy 3, Wpy, Wy p, Op Ripple frequency

Ripple Gr s Prys Gris brc Ripple phase
ag, Ac Ripple magnitude 2
Erps Erc Ripple phase 2

The open-loop dynamics in Egs. (3.2)-(3.6), can be rearranged into a general matrix form:
u=M(@)q+h(qq +Cq+ur(q)+u,(q (3.7
Above, M(q) and C are the mass and viscous damping matrices, respectively. h(q, q) is the vector

containing the Coriolis, centrifugal, and gravitational terms. u(q) and u,(q) are nonlinear friction

and position-dependent ripples, respectively. q represents the measured position or angle of each drive.
u is the measured motor current, which can be viewed as the equivalent motor force/torque related by

the motor constant. Components of this equation can be broken down into the categories outlined below.

Multi-Rigid-Body Dynamics

The equations of multibody dynamics can be derived using the Euler-Lagrange equations.
Alternatively, to avoid making mistakes in the derivation by hand, MapleSim, which is based on graph
theory [111], can be applied to deriving the equations systematically. The multibody dynamics is
depicted by M(q) and h(q, ¢), which are coupled and nonlinear due to the nature of Z-B-C-axis serial

kinematic chain (see Figure 3-2).

Joint Friction

Friction at joints includes linear viscous damping €q and nonlinear friction us(q). Coulomb friction,
and Stribeck effect are considered in the nonlinear friction model. For the ith axis, the nonlinear friction

Uy, can be described as:
up, = dn(q)[Ci + Sie14/] (3-8)

The associated parameters, C;, S;, and vs; are described in Table 3-1.
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Figure 3-3 Normalized friction for the ith axis.
dy;(q;) in Eq. (3.8) can be a saturation function [7] or a hyperbolic function [28] to describe a smooth
transition of friction forces around zero velocity, such that numerical problems at pre-sliding region
could be avoided. This thesis presents a model integrating a saturation function with a relay function

shown below. At the kth discrete time step,
If: sign (s, ) x sign(g;,) == —1

dny = dnj_y
(3.9)

Else:
dnk = Satll(dnk_l + (C.Iik - qik_l)/vni)

An example of this friction model is demonstrated in Figure 3-3. The output is bounded within +1 and
C1-continuous within a small velocity band, +v,,;. Comparing to the conventional sign function with
discontinuous binary outputs, 1 or -1, such feature can help avoid numerical noise and limit cycles

when running simulation.

Due to the relay concept, it captures the effect that the friction remains constant if the feed drive stops
momentarily and then moves toward the same direction, as shown in Figure 3-3 (a). This feature well-
describes the friction behavior of an actual feed drive. Although the proposed normalized friction may
not be the most accurate model for describing friction around near-zero velocity [35], the proposed
mathematical simplification was observed to yield simpler parameter identification, better
computational efficiency, and still, sufficient modeling fidelity.
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Force/Torque Ripple

Direct drive motors exhibit substantial position-dependent ripple acting as an external disturbance. For

the ith axis, the ripple can be described as:
up, = Ri(1+ ay fsin(q; + &r,)|) sin(qiwr; + ér) (3.10)

R;, wy; , and ¢,; are the magnitude, frequency, and the phase of the ripple. The term
(1 + arl.|sin(qi + srl.)D is particularly included into the model to capture the effect of the imperfect

motor assembly. In the case of linear (translational) motors, this term would be discarded.

Position-Dependent Disturbance Model by Lookup Table with Linear Interpolation

In some cases, the force/torque ripple cannot be accurately depicted by an ideal sinusoidal equation as
Eq. (3.10). Additionally, there are other position-dependent disturbances. For example, the tension
force from the motor cables and the varying guideway disturbance due to imperfect assembly are both
position-dependent. Exact analytical expressions for the above disturbances may not exist. The author
proposes a model based on a discrete lookup table, which can accommodate the position-dependent

disturbances with any kind of distribution.

The traveling range of the ith axis is discretized into Ngi grids with the size lgi. The grids should be

sufficiently fine to describe the disturbance variation along the ith axis. The position-dependent

disturbance Up, is defined as follows.

Vke 1,...,Ngi
|Pk- - Q'|
If: |pki - CIil <l i’then: Wy, = 1 _ll—l
9i
(3.11)

Else:wkl. =0

Ngi

Up; = Z M Wk
k=1

Above, my; is disturbance magnitude coefficient for the kth grid at position py;. wy; is the positional

weighting factor. my; ... my, —are the parameters that have to be identified. wy; ... Wy, ~are
ij i
dependent variables determined by the feed drive’s location g;.
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To illustrate this idea, an example is shown in Figure 3-4. The position of the ith axis g; is located

between py; and py44;. In this case, wy; = 0.4 and wy,; = 0.6. The disturbance is calculated as

Up, = Mye; X 0.6 + myyq; X 0.4.

[

gi _
Left end [« . Right end
83 $3 3 8—3 $3 $3
P1; Pk; qi  Pk+1; PNy,

f————

0.6y, 0.4l

Figure 3-4 Example of position-dependent disturbance by lookup table with linear
interpolation.
To achieve desirable modeling resolution, fine grids are required. This might result in an enormous
number of parameters in this model. However, this is not a problem, since all the parameters

(My;, ..., my, ) are linear with respect to the position variable (W, ...,wy, ). Therefore, they can be
ij 3]

efficiently estimated by linear LS. In contrast, the force/ripple model proposed in Eq. (3.10) contains
only three parameters. However, the three parameters are nonlinear and thus require nonlinear

estimation techniques, leading to much higher computational cost.

This model has been applied for the case study in Section 4.3.2, whereas the case study in this chapter

has used the sinusoidal force/torque ripple model in Eq. (3.10).

3.3 Parameter Identification

The strategy of parameter identification in this research has considered the accuracy of the model, the
efficiency of the computation, and the feasibility for industrial implementation. Hence, the proposed

identification strategy illustrated in this section has several features.

(a) Considering the feasibility for industrial implementation, the data for the identification were
collected during the manufacturing process, such that the production was not interrupted.

(b) Considering model fidelity, numerous dynamic effects were included in the model, e.g., multibody
dynamics, nonlinear friction, and force/torque ripple.

(c) Considering accuracy and efficiency, the parameters were identified via a tandem strategy
combining linear Least Squares (LS) with nonlinear optimization.
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On-the-Fly Data Collection and Data Selection

The above dynamic models are intended to be identified using the data of the measured servo position

and the motor current of all the five axes collected during a real laser drilling process.

The laser drilling toolpath contains a large number of simultaneous 5-axis movements, generating rich
data for model identification. The low velocity and acceleration components of the motion are less
informative for identifying the inertia parameters. However, the friction phenomenon during the low
velocity motion (in pre-sliding regime) is time-dependent. Considering the above issues, only the
collected data with high-velocity or high-acceleration were selected by a velocity and acceleration

threshold.

Parameter Identification of Open-Loop Dynamics

In order to identify parameters by a combination of linear Least Squares (LS) and nonlinear global
optimization, Eqgs. (3.2)-(3.6) should be first examined and expressed as the following equations. In the
following, Pji and Q}i- denote parameters which appear as linear and nonlinear terms, respectively.

These are henceforth referred to as ‘linear parameters’, and ‘nonlinear parameters’.

X-axis:
uy = Pijy + P{qy + P¥sign(dy) + Pfsign(qy)e19x/Q1 + p¥ sin(Qf qx + QF (3.12)

Y-axis:
uy = Pléy + PY 4y + PYsign(dy) + PY sign(dy)e19/@1 + PY sin(Q¥ qy + Q¥) (3.13)

Z-axis:

uy = Pl + P + P3Z(cos(q3) s> + sin(qp) éiB)
+ P{ (=2 cos(qg) cos(qc) qpdc + (4s* + 4c?) sin(qs) sin(qc)
— sin(qp) cos(qc) §c — cos(qp) sin(qc) §z) G4
+ P£(2 cos(qg) sin(qc) 4sdc + (45” + dc?) sin(gqp) cos(qc)
+ sin(qp) sin(qc) e — cos(qp) cos(qc) §p) + P&z + Pfsign(qy)
+ P{ sign(qz)e 142/

B-axis:
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ug = PPip + Py (47 — g) sin(gqp) + P3B(QC2 cos(qc) + Gc Sin(%))
+ P (24pqc — 2Gp cos(qc) sin(qc) — 4 cos(qc)? sqc)
+ P2 (G cos(qc) — dc? sin(qc))
+ PZ (2 cos(qc) sin(qc) ggqc — cos(qc)® Gp) (3.15)
+ P7 (g — {iz) cos(qp) sin(qc) + Pg (g — Gz) cos(qp) cos(qe) + Ps'dx
+ Phasign(ds) + Phisign(qs)e19/%sl 4 Pfy sin(Qf g5 + 0F)
+ Pi3[sin(qp + Q)| sin(QZ 5 + Q3)
C-axis:
uc = P{c + P (2cos(qc)* — 1)gp” + P5 g sin(qe) + Py g cos(qc)
+ P§ (= sin(qc) cos(qc)qs”) + PE (=iiz + 9) sin(qs) cos(qc)
+ PS (7 — g) sin(qp) sin(qc) + P§ dc + P§sign(ge) (3.16)
+ Plysign(gc)e™1e/1 + Pfy sin(Q§ 4 + QF)
+ P, [sin(qc + QF)| sin(QF qc + QF)
The parameters in the above open-loop dynamic equations, Egs. (3.12)-(3.16), are summarized in Table
3-2.

Table 3-2 Number of parameters to be estimated for open-loop dynamics.

X|lY | Z B C | Total
Linear parameters Pji 515 8 13 |12 ] 43
Nonlinear parameters Q]i- 313 1 4 4 15

In order to estimate linear parameters by linear LS, the observation matrix W should be derived by

differentiating the equations of motion Eq. (3.7) with respect to y;:
W(q.q.4,xn.) = . [M(@)d + h(q, @) + Cq + up (@) + uy(@)] (3.17)
L

x., and yp; are vectors of linear and nonlinear parameters, where VPJ-i € x, and VQJi- € XNL-

X contains all the parameters that differentiate Eq. (3.7) without leaving the parameter itself in
W(q,q,q, xy.)- In other words, W is independent of y;. On the other hand, the parameters excluded

from y, are placed into yy;.
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Per the dynamic model presented in Section 3.2, y; includes the parameters of the multibody model
M(q) and h(q, q), viscous friction term C, the Coulomb friction C;, the stiction S;, and the torque
ripple magnitude R;. ¥y, contains w,; and ¢,; from the torque ripple model and vs; from the Stribeck

curve.
Eq. (3.7) can then be re-written as a linear LS problem:

u=W(q,q,4,Xn.)x. + error (3.18)

In this thesis, ¥y, is searched using a nonlinear global optimization method, Global Search (GS) [112],
which combines gradient-based optimization, yielding fast local minima convergence, with a
systematic approach of trying multiple different initial values selected from a prescribed search space.
In every iteration of the GS, a set of candidate ¥ is chosen first. Then, y; is estimated by the pseudo

inverse of W in the form (i.e., LS solution of Eq. (3.18))
2= Whu= (WW) WTu (3.19)
The predicted motor input U can be obtained by
=Wy, (3.20)

Hence in each iteration of GS, ||u — u||,, which is the 2-norm of error of motor torque prediction, is

minimized with the prescribed ¥ ;. Thus, the objective function for GS is designed as

r)r(lNi?IIu—ullz (3.21)

Thus, ¥;, and ¥y, are estimated iteratively to produce the minimal prediction error in terms of motor
torque. Such an approach is capable of solving problems with nonlinear parameters with efficiency,
due to the tandem application of LS with GS, reducing the number of free-search parameter

dramatically, per Table 3-2.
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3.4 Experiment and Results
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Figure 3-5 The trajectory of 5-axis laser drilling process.
The proposed method was applied to identify the model of a 5-axis laser drilling machine in industry.
The motor current and measured (servo) position data were collected during a laser drilling process for
producing a turbine engine component. The toolpath and the axial velocity of this drilling process are
shown in Figure 3-5. For confidentiality, the data has been normalized without displaying absolute
values. The toolpath contains a large number of simultaneous 5-axis movements, which can be regarded

to show pseudo-random nature, thereby generating rich data for model identification.
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Figure 3-6 Normalized 2-norm of Time [s]
error. Figure 3-7 SISO vs. MIMO dynamic model, B-axis.
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To prevent overfitting, the normalized 2-norm of error ||u — U||,/||ull, is plotted in Figure 3-6 to
examine the convergence of the identification. The normalized 2-norm of error keeps rising in the first
20 seconds. It implies that the amount of data collected within this period could be insufficient. After
around 50 seconds, the normalized 2-norm of error converges at around 3.4%, which means the

collected data is sufficiently long for the identification.

To validate the superiority of the developed coupled nonlinear MIMO model, a SISO model is also
identified as a baseline for comparison, which discards the dynamic coupling terms. Figure 3-7 shows
the experimental data and model prediction results for the B-axis. During acceleration and deceleration
periods, the SISO model has significantly larger estimation error, due to ignoring the dynamic coupling
terms coming from the other axes. The result proves the advantage of using MIMO dynamic models

for multi-axis machine tools with serial kinematic chains and direct drive rotary motors.
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Figure 3-8 Motor current prediction, C-axis.

Figure 3-8 shows a comparison of C-axis motor current prediction with and without the torque ripple
model. The position-dependent ripple is shown to be an apparent disturbance causing substantial motor
current variation. Therefore, the torque ripple needs to be considered so that the estimation and

simulation of other dynamic characteristics will not be corrupted due to this effect.
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Figure 3-9 Torque ripple estimation, C-axis.
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Figure 3-9 shows the estimated torque ripple overlapping with the extracted ripple data from the
measured motor current. It shows that the frequency of ripples is consistent, and the magnitude varies
with the angle, which is most likely due to imperfect motor assembly. This magnitude variation is also

captured by the proposed model.
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Figure 3-10 Friction estimation, B-axis.

A distinct Stribeck curve is also identified. Figure 3-10 shows the estimated friction model overlapping
with the extracted friction data from the measured motor current. Due to the fact that the data was
collected from a real drilling process, not from dedicated experiments, steady state condition (i.e.
constant velocity) is not satisfied. Nevertheless, this result still substantially captures the friction

behaviour.

3.5 Conclusion

This chapter presents the identification of the open-loop dynamics of a multi-axis feed drive system.
The methodology is demonstrated using an industrial 5-axis laser drilling machine. The derived
dynamic model considers multibody dynamics, nonlinear friction, and motor ripple. The model
parameters are identified by combining nonlinear global optimization with linear least squares, based
on the servo data collected during a real laser drilling process, which contains a large number of

simultaneous multi-axis movements.

The identification results show that coupled multibody dynamics should be considered for accurate
modeling of machine dynamics, especially for the acceleration and deceleration phases. Distinct

Stribeck friction curve and motor ripple can also be identified from the gathered in-process data.

The established open-loop dynamic model in this chapter is an essential step prior to the identification

of the complete closed-loop control system, which is presented in the next chapter.
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Chapter 4
Identification of Multi-Axis Feed Drive Control System

4.1 Introduction and Motivation

feedforward control
) Kils)

q ? u=M@g)q+h(q.9)+Cq |
r e u .
Kg(S) +Kq+ug(q)+uy(q) T}

Open-loop dynamics

- feedback control

Figure 4-1 A multi-axis feed drive control system.

In Chapter 3, the open-loop dynamic model of a multi-axis feed drive system (u — q) was built.
Machine tool end users and researchers are especially interested in the control accuracy with respect to
a certain manufacturing process, or being able to use the complete system dynamics for virtual process
optimization or real-time signal monitoring. Therefore, the model should be extended to include the
closed-loop control system (q,- — q), which would further include the controllers for each axis (see
Figure 4-1). However, the details of the commercial controllers are typically confidential and unknown

to the end users. Thus, the controller dynamics, or its resulting impact on the closed-loop response,
should also be identified.

There are at two main identification approaches. The first approach is identifying the controller and the
open-loop dynamics (the plant) individually, in a bottom-up sense, in two separated steps. The other is
identifying the closed loop control system as a whole in a top-down sense. The first approach requires
more effort to investigate each component and may lead to a less accurate result, due to the

accumulation of the estimation error resulting from the two separated steps.

The second approach, is also referred in CNC literature as ‘rapid identification’ [6] (see Section 2.3.2).
Given that most of the industrial servo controllers are linear P-PI positive-velocity cascade structure
with velocity and acceleration feedforward, the closed-loop control system of a single-axis feed drive
can be described by a linear time-invariant (LTI) transfer function. However, when it comes to multi-
axis feed drives where the multibody dynamics is coupled and nonlinear, such methodology, developed

for a decoupled single-axis feed drive, becomes inaccurate.
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In this chapter, the above problem is resolved by a novel decoupling formulation. An equivalent
dynamic model derived through this formulation and the corresponding parameter estimation strategy
is detailed in Section 4.2. Experimental validation shown in Section 4.3 demonstrates that a high-
fidelity closed-loop response model for a multi-axis machine can be then established just with the

knowledge of the kinematic configuration and collected CNC data.

4.2 Algorithm of MIMO Identification with Nonlinear Coupling

The proposed algorithm has two parts. First, an equivalent model representation to describe a general
closed-loop control system is presented in Section 4.2.1 and Section 4.2.2. Second, the identification

method of the above proposed equivalent model is presented in Section 4.2.3 and Section 4.2.4.

In Section 4.2.1, a decoupling formulation is first presented. It treats all the non-LTI open-loop
dynamics as a generalized disturbance. In Section 4.2.2, the rest of the LTI open-loop dynamics and
the LTI controllers constitute an LTI closed-loop control system, which is viewed as a MIMO LTI

system where the generalized disturbance vector is considered among the system inputs.

Section 4.2.3 details the identification of the MIMO LTI system. Section 4.2.4 illustrates the overall
model-building procedure, which utilizes and integrates the identification of the open-loop dynamics

presented in Chapter 3.

4.2.1 Decoupling of the Nonlinear and Linear Open-Loop Dynamics

As discussed in Section 3.2, the open-loop dynamics of an N-axis feed drive can be modeled as:
u=M(@)q+h(qq +Cq+Kq+u (g +uy,(q) (4.1)

q=1{q, - q; - qy}and u = {u; --- u; --- uy}’ represent the actual position and control signal,
respectively. M(q) is the mass matrix. h(q, q) is the vector containing Coriolis, centrifugal, and
gravitational terms. u(q) and u,(q) are nonlinear friction and position-dependent disturbances
respectively. K is the stiffness matrix if structural flexibility is considered. The examples demonstrated
in this chapter (Section 4.3) are based on multi-rigid-body dynamics. Thus, while K matrix is not used
in this chapter, it will be included and discussed in detail in Chapter 5. € matrix is linear viscous
damping contributed by different joint interfaces, including prismatic joints (linear guideways),

revolute joints (bearings), or flexible joints (in the case of a flexible structure).

The terms M(q)q in Eq. (4.1) can be re-written as:
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My
M(q)q = d+M(@)d = Mg+ M(q)g (4.2)
My

M, is a diagonal matrix which includes only the time-invariant and decoupled inertia terms. All the
other nonlinear terms, such as trigonometric functions, are gathered in M (q). Based on this separation,
the Eq. (4.1) can be rearranged as:

u=Myj+Cq+Kq+d(q,qq) (4.3)

M,q + Cq + Kq represents LTI dynamics, and d(q, q, §), referred to in this thesis as the ‘generalized
disturbance’, captures all significant nonlinearities, like coupled multibody dynamics, friction, and

torque ripples. Considering Egs. (4.1)-(4.3), it can be expressed as:
d(q,q,4) = M(@)§ + h(q,q) +ur(q) +u,(q) (4.4)

In other words, d(q, q, ¢) separates the nonlinearities from the rest of LTI dynamics.

Decoupling Derivation for the 5-Axis Laser Drilling Machine

To illustrate the above decoupling step, the 5-axis laser drilling machine introduced in Chapter 3 is used
as an example. According to the multi-rigid-body dynamic equations (3.12)-(3.16), the general form of
the decoupling expression Eq. (4.3) can be expressed as:

uy = PGy + PGy + dy

uy = PGy + P} gy + dy

Uz = Pz +P¢q; +dg (4.5)

ug = P{ g + P35 qp +dg

uc = P{gc + P§qc +dc
As mentioned earlier, since structural flexibility is not considered in this chapter (but will be studied
from Chapter 5), the Kq term is excluded. The generalized disturbance d = [dy dy d; dg d]T for

each axis is then derived as follows.
X-axis:
dy = P{sign(dy) + Pisign(gy)e 1/ + PX sin(Qf qx + @) (4.6)

Y-axis:
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dy = PYsign(gy) + PY sign(gy)e 1%/l + PY sin(Q¥ qy + Q¥) 4.7)
Z-axis:

dz = +Pf + P{(cos(qp) 4s° + sin(qp) is)
+ P4Z(—2 cos(qp) cos(qc) qpdc + ("IB2 + ‘?cz) sin(qg) sin(qc)
— sin(qp) cos(qc) Gc — cos(qp) sin(qc) i) “5)
+ PSZ(Z cos(qp) sin(qc) Gpdc + ("IB2 + ‘?cz) sin(qg) cos(qc)
+ sin(qp) sin(qc) Gc — cos(qp) cos(qc) ‘73) + Psign(qz)
+ PZsign(g,)e~l4z/ef|

B-axis:

dp = P} (§z — g) sin(qp) + PBB(('ICZ cos(qc) + gc Sin(%))
+ P{ (24pqc — 24p cos(qc) sin(qc) — 4 cos(qc)? 4gqc)
+ PY (¢ cos(qe) — ¢ * sin(qe))
+ P¢ (2 cos(qc) sin(qc) gqc — cos(qc)?® dg) (4.9)
+ P7 (g — Gz) cos(qg) sin(qc) + Ps (g — Gz) cos(qs) cos(qc)
+ Plosign(qg) + P1315ign(5IB)e_|QB/QfB| + P, sin(Q3 g5 + QF)
+ P133|Sin(QB + Qf)l sin(Qz qp + Q3)
C-axis:
de¢ = P§ (2 cos(qc)* — 1)gp* + P§ G sin(qc) + P g cos(qc)
+ Psc(— sin(qc) COS(QC)QBZ) + PE (=g + g) sin(gp) cos(qc) 4.10)
+ P (dz = 9) sin(qp) sin(qc) + PS sign(de) + Pfosign(qe)e 1/ 4]
+ Py sin(Qf qc + QF) + Piy[sin(qc + QF)| sin(QF qc + Qf)
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4.2.2 MIMO LTI System Representation

Generalized disturbance us , Friction

Represent ALL the g
nonlinear open-loop dynamics. —

e~ . : Position-devendentll|
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q

u .
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Coupled multibody q .
dynamics ﬁ

LTI closed-loop dynamics

d
d - 1 q ]
9r M,s? +Cs +K .
(— AS- + Lol uj
Linear open-loop
Feedback control dynamics

Figure 4-2 LTI closed-loop dynamics and the generalized disturbance.
The structure of an industrial servo controller could be PID or P-PI position-velocity cascade control
with optional feedforward terms and filters, which in general fits the LTI framework. Nonlinear effects,
like sensor quantization or actuator saturation, are either negligible or avoided through careful trajectory
planning. Hence, a general controller with an LTI feedback and feedforward control law (Kyj, and Ky ¢)

can be expressed as

e is the tracking error, i.e., e = q,- — q. Then, the open-loop dynamics (comprising LTI and nonlinear
portions) and the LTI controller, i.e., Eq. (4.3), Eq. (4.4), and Eq. (4.11), can be combined as the block
diagram shown in Figure 4-2, where the bottom green block represents LTI closed-loop dynamics, and

the blue block on top represents the nonlinear effects, captured by the generalized disturbance d.

Generalized disturbance I
d(9.9.4) j Gl=9a-e a=%a a=%a
E 22 sys.y q]
d " [2x2sys.]; e N [ ] [ e'qn][ ]
s " [2esysly [, Gud Gug, | [
MIMO LTI dynamics o 2x2 LTI dynamics for i-th axis

Figure 4-3 A general equivalent representation of a multi-axis feed drive control system.
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Signals which are directly measurable from CNCs, such as tracking error e and motor force/torque u,
are selected as the outputs of the system. Also, these signals are highly relevant for monitoring the

dynamic positioning accuracy and machine / process condition.

The LTI closed-loop dynamics, shown as the green block in Figure 4-2, can be viewed as a MIMO LTI
system, where each axis is a 2x2 LTI subsystem, as shown in Figure 4-3. For the ith axis, the outputs
are the servo error (e;) and motor torque (u;), and inputs are the generalized disturbance (d;) and

trajectory position command (gy,).

The calculation of the generalized disturbance d requires mechanical states variables [q, g, ], which

can be determined by Eq. (4.12) as additional outputs of the MIMO LTI closed-loop dynamics

(a=ar-e
o d
1= 31 (4.12)
o d.
i=-4q

For the ith axis, the LTI closed-loop dynamics is a 2x2 subsystem expressed as

{ei(S) = Geq,(5)di(s) + Geq,.(5)qr;(s)
u(s) = Guidi(s)di(s) + Guiqri(S)CIri(S)

(4.13)
_ Ne.d.(S)_ _ Nejgr; (9, _ Nu.d.(S)_ _ Nuy;qp;(s)
Geidi(s) - ﬁ' Geiqri(s) - 51&1) ) Guidi(s) - ﬁl Guiqri(s) - Dll—(‘,;)
The four transfer functions share the same characteristic polynomial D;(s):
N N,
Di(s) = Myt % (5 + D) (52 + 2040y 5 + Wy 2 (4.14)

n,; and n; are the numbers of real poles and complex pole pairs. Np, =Ny + 2 X n; is the total
number of poles, i.e., the order of the linear closed-loop dynamic model. N, 4, (s), Nezqri(s)’ Ny,q,(s),
and Nuiqu_(s) are numerator polynomials of which the order and structure can be determined by

deriving each of the symbolic transfer functions. For generality, the following equations represent the

full-order expressions.
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_ peidi _np. eid; np.—1 , ed; 1 eid; 0
(Neyq,(s) = by 's Pi+ by s Pi " 4 o 4 bn,,i—15 + bnpi s
Noq (s) = boiTrighei 4 pfirighp, =1 g polri g1 4 poidrigo
idr; 0 1 npi_l Np; (4 15)
_ puid; _np. wid; np.—1 , wid; 1 wid; .0 )
Ny,a,(8) = by 's Pi+ b is P T 4t bnpi—15 + bnpi s

_ pWildr; ny, Uiqr; np.—1 Uiqr; 1 Uidr; o
\Nuiqri(s)_bo sPi+ b, T'sPi T+ +bnpi_1s +b, 's
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qr

Linear open-loop
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Figure 4-4 LTI closed-loop dynamics.
The LTI closed-loop dynamics (green block) in Figure 4-2 can, in a more general case, also be presented
in Figure 4-4, where the linear open-loop dynamics is denoted as P(s). Then, the transfer functions of

the 2x2 system can be derived as follows.

_ Pi(s) 1= Kpp (s)P;(s)
Geidi(S) 1+ bei(S)Pi(S) Geiq”(s 1+ bei(S)Pi(S)
(4.16)
bei(S)Pi(S) bei(S) + Kffi(s)
Guidi(s) =

Gy.o. (s) =
1+ bei(S)Pi(S) i 1+ bei(S)Pi(S)

Considering a typical industrial controller and plant, several assumptions can be made as listed in Table

4-1. The numbers of poles of each component are determined accordingly.

Table 4-1 System assumption and the resulting number of poles.

No. of poles Assumption
bei(s) 1 Considering an integral controller, one pole is assigned.
Velocity and acceleration feedforward is included. To realize a causal
Kep. (s) | 2

system, two high-frequency poles are configured.
One rigid body motion is 2nd-order. If further considering » vibratory
modes, 2xn poles can be added into the system.

Pi(S) 2+2xn

According to the above assumptions, the general expressions of the numerator polynomial and
characteristic polynomial, Eq. (4.14) and Eq. (4.15), can be determined and simplified. The following

sections illustrate a rigid body case and a flexible structure with one vibratory mode respectively.
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Rigid Body Case

The rigid body motion and the integral control can be arranged as one real pole and one complex pole
pair. The complex pair would automatically be identified as two real poles, in the case that the true
servo system demonstrates overdamped behavior. The feedforward control contributes two real poles
in the high-frequency region, in order to realize a causal system (i.e., low-pass filter implementation
together with derivative). In total, the characteristic polynomial D;(s) can be configured as a Sth-order

system with three real poles (n,; =3) and one complex pole pair (n.; =1.) The respective

characteristic polynomial and numerator polynomial structure can be derived and simplified as:

(Di(s) = Wy Ty (5 + Pm) (52 + 20010 S + ny ;)

Ne,q,(s) = piidigt 4 pSidigo

{ Neyq, () = by 7S 4 by Urist 4 b i0ris3 4 b Mis2 4 p i il (4.17)
Nya,(s) = buidi 2+ buidisl +1I;, —1“1%—1pmiwnki2

(S) _ buLCIn 5 _I_buLQn 4+b th 3 +b qu‘L 2 +b Uiqr; sl

th

It should be noted that the two real poles coming from the feedforward control, due to their fast
response, will not cause significant impact on the overall dynamic responses. Hence, they can be
preassigned as certain high-frequency values (such as a fraction of the Nyquist frequency) and do not

need to be treated as unknown variables.

Flexible Structure with One Vibratory Mode
If taking one vibratory mode into account, the number of complex pole pairs n.; can be configured as

two, leading to a 7th-order system. The respective numerator polynomial can be derived as:

(Di(s) = M3 M7_, (s + Pmi) (52 + 20 iwn ;S + wnk,iz)
eld (s) = by'¥is3 + bgi%is? + p5itist 4 pyiisO
Neyq,,(s) = by Tis7 + b, 6 4+ b iS5 4 b, st + b Mis3 4+ b s 4 b TisT (4.18)
Ny (5) = byt%is* + by1%is3 + byi%is? 4 byi%ist + I3,y IE_y Py sy, ;2

(S)—b Uidr; 7+b Uidr; 6+b Uidr; 5+bLQTl 4+blqh 3+blqh 2+b Uidr; 1

A

L‘Irl
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4.2.3 Parameter Identification of MIMO LTI System

In the last section, the equivalent model of a multi-axis feed drive control system was derived,
comprising a MIMO LTI portion and the nonlinear dynamics. In this section, the identification of the

MIMO LTI system is illustrated.

There are two main steps in this identification. First, the predicted generalized disturbance is
reconstructed from the estimated open-loop dynamic model. Second, the predicted generalized
disturbance and the collected CNC data are used to identify the MIMO LTI system. The pole locations
and numerator coefficients are iteratively estimated by constrained global optimization in conjunction

with linear LS. This strategy accelerates and improves the convergence of the model identification.

Generalized Disturbance Reconstruction

In Section 3.3, the parameters of the open-loop dynamic model, i.e., ¥; and ¥, were estimated. By
plugging ¥, and ¥y, into Eq. (4.4), the predicted generalized disturbance d can be reconstructed by
the collected CNC data, q, ¢, and q, per the following equation:

a(‘l; ql q:?LI?NL) = M(q;?L)q + E(Q; q;?L) + uf(quLf)?NL) + up(q!)?L) (419)

Pole Search with LS Projection Method

Numerous approaches can be used to identify the parameters of the proposed closed-loop MIMO LTI
model. Identifying all the parameters by least squares (LS) method can be very computationally
efficient. However, since there is no constraint, this approach could lead to unstable poles due to noisy
observed data. On the other hand, if all the parameters were found by constrained nonlinear

optimization methods, this approach may require a high computational cost.

Pole search with LS projection method [7][8] is a middle ground strategy that resolves the above
dilemma. Essentially, it is a hybrid strategy where the poles are searched by constrained optimization,
while the numerator coefficients are dependently solved for each candidate pole set using LS . In this

thesis, a specific version of this approach has been derived for a 2x2 system, representing the ith axis.

Considering the general full-order numerator polynomial in Eq. (4.15), the 2x2 LTI subsystem in Eq.

(4.13) can be rearranged as:
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{ei(s) = (d (S)S . bg-di 4+ 4 ai(s)so beidi) + <q7”i(s)snpi beiqn' 4ot qn'(S)SO be‘

Dy(s) Di(s) v Di(s) °° Di(s) ™ (4.20)
— ai(s)snpi u;d; czi(s)so u;d; qTi(S)Snpi Uidr; qu-(s)so u
”i(s)_< n T b”pi)+( D o o

Eq. (4.20) is a general full-order expression. Depending on the model assumptions, this can be
simplified as, for example, Eq. (4.17) or (4.18). To keep the derivation general, the following

illustration is based on the full-order expression.

m”k,i,max\

S Ck, i,min

Re

Lx L%

Figure 4-5 Pole search scheme.

T

As seen in Figure 4-5, a candidate pole vector Xp; = [pll-, O I (3 NN ) S € R T 4 ,i]
) i 1,0 Neil 4 cp

can be searched within prescribed boundaries by constrained global optimization methods. The

candidate characteristic polynomial D;(s) is constructed according to the candidate pole vector xp;.

After constructing a candidate characteristic polynomial D;(s), d, and qr; are used to compute W,? i(s)

and W "i(s) via the filter T

W' (s) =5 - Sd,(s)

i) = ke [0, ...,npi] (4.21)

D;: (S) er( )

w, t(s) and w, *(s) are called ‘filtered’ versions of inputs by the candidate characteristic polynomial.
Ji(s) and i (s) lled “filtered f inputs by the candidate ch poly 1

By plugging in W,f ‘(s) and WZ”(S), Eq. (4.20) can be derived as

ei(s) = (wdl ()bSY 4 o W (s)be ty ) (Wg;‘(s)bgiq” + -+ wg”(s)bflf”)
) @ . g (422)
w(s) = (Wit (b5 + -+ wg'' ()b s ")+ (w Wyt (s)by " 4 o+ wg“(s)b;‘;‘j”)
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e

. -d; eiqr; u;d; Uiqyr; .
The numerator coefficients b, b,"""*, b,"", and b, """ are unknown and can be viewed as the

participation factors of the filtered inputs W,f ‘(s) and WZ”(S) on the outputs e;(s) and u;(s). The
unknown numerator coefficients are linearly arranged and therefore can be estimated by linear LS via

. di _ Gr;
the known signals of w,*, w, ", e;, and u;.

While collecting the identification dataset, Eq. (4.22) can be constructed as an overdetermined system:
ei _ Wi 0
)= [ 0 Wi] X5, + & (4.23)

e; =[e;(1) - e(N)lixn,

e; and u; are N; samples of tracking error and motor current data, {
l l u = [w(1) - wNDlixw,

W ; is the observation matrix composed of N; samples of filtered inputs W,f “and WZ”:

d; d; qr; qr;
Wy, (1) wp'(D) wnpli(1) e wni)
W; = : : : :
d; d; qr; qr;
W”;J'(Nt) e wo (Vo) Wnpl-(Nt) wowy (NE)
' ¢ Nex(2np,+2)
XB; is the numerator coefficient vector:
XB: — beidi beidi beiqri beiqu‘ buidi buidi buiQri buiqri T
Bj 0 Ny 0 Ny 0 Ny, 0 Ny,
2 i 2 L 1X(4npi+4')

Thus, for each candidate pole set xp;, the numerator coefficient vector y; is estimated by the pseudo

inverse of W; in the form:

—

XB, =

wiw,)" w! 0 ] {ei} (4.24)

0 (WTw,) " wT| M

The best estimate for Xp, and Xp; are iteratively found by using a constrained global optimization
method that minimizes the following objective function:

Gl-o wlm

min
xXp;

(4.25)
2
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4.2.4 Proposed Model Estimation Procedure

Table 4-2 Parameter classification.

Machine model Independent parameters Dependent parameters
Closed-loop MIMO LTI Pole locations yp Numerator coefficients yp
dynamics
Open-loop dynamics Nonlinear parameters ) . Linear parameters y;,
Method pf pgrameter Estimated by'co.nstr'amed Estimated by linear LS
estimation global optimization

Per the classification shown in Table 4-2, the proposed entire machine model has two parts, MIMO
LTI system and open-loop (generally nonlinear) dynamics, with four distinct sets of parameters yp,
Xg, XL, and yn.. xp and yy; are independent parameters which have to be found by constrained
global optimization. Once yp and yy; are determined, Y and y; are dependently estimated by linear

LS.
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Figure 4-6 An overview of the proposed model-building approach via in-process data.

The complete model estimation procedure is presented in Figure 4-6. The multibody dynamics is
derived based on the given machine kinematic configuration (Step 1). Field data collection and analysis
(Step 2) helps detect vibratory dynamics, inter-axis coupling, friction, and ripple effects. The parametric
dynamic model is configured and derived according to the above information in Step 3. The parameters
are iteratively solved in Step 4. In each iteration, at first, global search [112], which is a constrained
global optimization method, is performed to find candidate independent parameters, yp and Y. In
Step 4.1, identification of open-loop dynamics is performed to estimate y; (see Section 3.3). In Step
4.2, the predicted generalized disturbance d is constructed based on the estimated ] and the candidate

Xn. (see Section 4.2.1). In Step 4.3, the identification of MIMO LTI system is performed to estimate
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the numerator coefficients yp (see Section 4.2.3). Lastly. Step 4.4 monitors estimation error and

terminates the iteration of global optimization when the optimum is found, or given search duration is

exceeded.

4.2.5 Novel Points and Advantages of the Proposed Algorithm

The proposed idea has numerous novelties listed below:

A.

By separating the nonlinear and linear terms, both the nonlinear multibody dynamic model as well
as the linear controller model can be identified together.

The stability of the identified closed-loop system is guaranteed by using a constrained optimization
method to search for the poles in the stable region. This approach is superior to linear least squares,
where the parameters solution is unbounded. Additionally, the pole locations for the control systems
in industrial machine tools are normally located within a certain range. This information facilitates
easier bounding of the pole locations.

The separation of the parameters into independent and dependent parameters greatly balances
model accuracy and computational efficiency for identification. For example, as shown in Section
4.3.1, an overall machine model with 143 parameters can be identified with this systematic solution,
while requiring the simultaneous search of no more than 4-8 independent parameters at a time.

In earlier methods [6][7][8][9], the disturbance only included Coulomb friction. In this work, the
generalized disturbance additionally includes inter-axis coupling and/or ripple effects, which
improves the persistence of excitation for the LTI model identification.

The developed algorithm is systematic, and the model can be configured conveniently by the given
machine kinematics, which is easily accessible documentation. Hence, this method is conducive to
automated digital twin estimation for machine tool drive systems.

The model can be extended for multi-axis drives with structural flexibility. This extension is

discussed in Chapter 5 through Chapter 8.

4.3 Experimental Validation

The proposed model estimation method has been implemented and validated using the 5-axis laser

drilling machine, introduced in Chapter 3, and an in-house 3-axis trunnion unit. The results are

illustrated in the following subsections.
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4.3.1 Five-Axis Laser Drilling Machine

The parametric machine model was developed considering all the dynamic effects mentioned in Section
3.2. Table 4-3 is a summary of all the parameters in the developed model. There are 143 parameters in
total, where 34 (15+19) parameters are independent search parameters. However, as a main strength of
the proposed systematic identification strategy, the number of simultaneously searched independent

parameters for each axis remains only in the range of 4-8, which renders the proposed solution highly

efficient.
Table 4-3 Parameter number statistics for laser drilling machine model.
X Y Z B C |Total
Stribeck Friction velocity const. v 1 1 1 1 1
Torque ripple spatial freq. w, 1 1 - 1 1 15
AnL Torque ripple phase shift ¢, 1 1 - 1 1
Ripple amplitude phase €, - - - 1 1
Open-loop Diagonal inertia 1 1 1 1 1
dynamics Diagonal damping 1 1 1 1 1
Coupled multibody dynamics - - 4 7 6 43
XL Torque ripple amplitude R 1 1 - 1 1
Ripple amplitude modulation «, - - - 1 1
Stribeck and Coulomb friction 2 2 2 2 2
Rigid body motion poles py, w1, {1 | 3 3 3 3 3
19
xp Vibratory response poles w5, (3 2 2 - - -
Closed-loop Numerator terms for Ne, 4. () 4 4 2 2 2
LTI dynamics ; Numerator terms for Ne,q, . (5) 6 6 5 5 5 84
5 Numerator terms for Ny, ¢, (s) 4 4 2 2 2
Numerator terms for Nuiqri (s) 7 7 5 5 5
Independent parameters yy; & Xp 8 8 4 7 7 34
Dependent parameters y; & xp 26 26 22 27 26 | 127
Total number of parameters 34 34 26 34 33 161

The data was collected during the operation of the 5-axis laser drilling machine to produce a turbine
engine component as shown in Figure 3-5. In total, estimating the full model took 623 seconds on a 3.6
GHz personal computer. The model achieved 2.38% root mean square (RMS) error in predicting the

servo errors and motor torques. The prediction results are presented in the following sections.
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Linear X and Y Axes

The X and Y axes were observed to exhibit a vibratory mode, and therefore their 2x2 LTI models were

configured as 7th-order systems with 3 real poles and 2 complex pole pairs following Eq. (4.18).

Velocity command, Estimated generalized disturbance [A]

Selected data 15 mmis] 1| ]
0 1 o
15, Al

47| Tracking error [um] ’ ] 4_.'\/Iott)r‘currenf [A]
0 ' o)
171 i 4
— Actual -—-Prediction| ! — Actual ---Prediction]

2 4 6] ~Time [s] 2 4 6 8 Time [s]

T AN ) e

Tracking error induced by force ripples Excifation of mechanical resonance at 29 Hz

Figure 4-7 Predicted and experimental result for the X-axis servo control system.

From the entire collected data, a 12-second data packet was adopted to identify the models for the X
and Y axes. The prediction of tracking error and motor current in the X axis are shown in Figure 4-7.
This linear axis feed drive is equipped with a direct linear drive motor. Strong force ripple is therefore
taken into account. The green zone demonstrates the influence of the force ripple disturbance on the
tracking error during sustained velocity motion. The wavy variation of the tracking error corresponds
to the pattern of the force ripple disturbance. On the other hand, the orange zone highlights vibratory

behavior resulting from the 29 Hz natural mode during a high-acceleration motion.

The estimated generalized disturbance dy containing the nonlinear friction and force ripple is also
shown in the top right figure in Figure 4-7. This term is critical for correct estimation of the LTI
dynamics. The response to the force ripple and the structural resonance are both similar wavy patterns
in the time domain. They are distinguished and identified separately by introducing a position-
dependent force ripple model in the generalized disturbance, and adding an additional pole pair in the
LTI system. Otherwise, the response to the force ripple could be erroneously estimated as structural

resonance.

Coupled Z-B-C Axes

The Z-B-C axes are considered a coupled dynamic system due to the nature of its kinematic

configuration. No significant structural resonance was observed in the collected data, therefore, the Z,
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B, and C axes are consequently considered rigid body. Their 2x2 LTI models were configured as Sth-
order following Eq. (4.17). The ball screw driven Z axis does not exhibit significant torque ripples.

However, the direct drive B, and C axes do, which is accounted for in their models.

— ... \Velocity command Z B 35
£ 80l Ll N1  a—
S SV N UL VN i P -35[The command of
N -60 ! A N %Z-aT(is affects tr}e
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70} ] - -72 \L
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(\ B, ) | -3 v H
5 10 15 Time [s] 136 13.8 14 142

Figure 4-8 Predicted and experimental servo errors for coupled Z-B-axes.

A 20-second data packet was adopted to identify the models. The prediction results are shown in Figure
4-8. It shows the proposed model’s ability to correctly estimate and predict the inter-axis coupling
effects due to the coupled multibody dynamics. For example, described by the term P2, sin(qg) in
Eq. (3.15), the Z axis acceleration strongly influences the B axis motion. This relation can be observed
during the time window in the highlighted green zone, corresponding to 14.0-14.2 s. Only the Z axis
has a nonzero velocity command. However, the Z axis motion also causes considerable tracking error

in the B axis, which is successfully predicted by the proposed model.

Overall, this is a significant improvement over earlier top-down LTI approaches [6][7][8][9], which

fall short of capturing such coupled multibody effects and various disturbances.

4.3.2 Experimental Trunnion Table

An in-house trunnion table in the author’s laboratory was also used to validate the proposed method.
The feed drive is controlled by an ETEL controller, which contains a PID controller and feedforward
velocity and acceleration compensation for the position control. As shown in Figure 4-9, the tilting axis
is mounted on top of the linear axis, forming a coupled multibody dynamic system. Both linear and
tilting axes are equipped with direct drive motors. Hence, the dynamic model takes position-dependent
ripple into account. The tilting axis is supported by a pair of air bearings, and therefore no Stribeck

effect is observed.
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Linear axis

Figure 4-9 In-house linear-tilt-rotary feed drive.

Considering the mechanical features mentioned above, the dynamic models of the linear and tilting

axes are derived as follows.

U = x,G1 + XLZ(éiZ cos(qz) — 2% sin(gy)) + XL3q1 + X1,5ign(qy)
_ (4.26)
¥ xugsign(ay)e i/l 4,

Uz = X1l + X1, (1 €0s(q2) + gsin(qz)) + X1,42 + X1gSign(dz) +up, (4.27)

Uy, Uy, g1 and g, are the force/torque and the position of linear and tilting axis respectively. x;;, ...,
Xrg € X1, are the linear parameters. yy;, € Xny is the nonlinear Stribeck friction velocity coefficient

for the linear axis.

Up, and Uy, represent all the position-dependent disturbance including motor force/torque ripple. In

this case, the look up table approach, Eq. (3.11), proposed in Section 3.2 was employed. The sizes of
grid are lmm and 1 degree for the linear and tilting axis, respectively. A velocity threshold is applied
so that the servo data in which the velocity of the linear axis is below 3 mm/s is excluded from the

model identification.
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Figure 4-11 Position-dependent disturbance estimation, the tilting axis.

To demonstrate the proposed position-dependent disturbance model, the estimated disturbance (red
line) overlapping with the extracted disturbance (blue dots) are shown in Figure 4-10 and Figure 4-11.
The disturbance data were extracted from the motor force/torque signals by removing all other dynamic
terms. As can be seen, the estimation well describes the extracted data. The pattern of the estimated
force/torque ripple is not easy to describe with a simple analytical sinusoidal function. Irregular
position-dependent disturbances at the travel ends of both axes are also observed. This could be
attributed to the bent or stretched motor cable at these locations. This example shows that the proposed
lookup table-based model is capable of estimating repeatable position-dependent disturbance with any
arbitrary pattern. Since no structural resonance is observed, the mechanical structure is assumed rigid,
and the MIMO LTI portion of the linear and tilting axes are both configured as a Sth-order 2x2 systems
following Eq. (4.17).

The experimental and prediction results are shown in Figure 4-12. The 11-second implemented
trajectory contains consecutive random back-and-forth simultaneous motion, which induces inter-axis
dynamic effects. The data of commanded and actual motion as well as the motor signal were collected
via the ETEL control system. The sampling rate is 250 Hz. The original motor signal is electrical
current. Since it is an in-house experimental feed drive, the toque/force constant are known parameters.
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Thus, the electrical current signal was converted to force and torque. The collected data was used to

identify the machine model.

The pole locations estimated by the proposed pole search with LS projection method are listed in Table
4-4. The identified model is used to predict the system responses, which are overlaid with the measured
data in Figure 4-12. The prediction errors are listed in Table 4-5. The average of the normalized RMS

prediction error is 5.26%.

Table 4-4 Pole locations estimated by pole search with LS projection.

Pole locations Search bounds
Min. Max.
Linear axis (1) | p;4 [HZ] 62.96 1 100
Wn 4 4 [HZ] 10.86 1 100
{11 (] 0.6739 0.1 1.5
P21 & p34 [Hz] | 250,250 Pre-assigned
Tilting axis (2) | p1, [HZ] 52.15 1 100
Wn 4 , [HZ] 7.61 1 100
{12 1] 0.8471 0.1 1.5
P22 & p3, [Hz] | 250,250 Pre-assigned
Table 4-5 Error of prediction.
Linear axis Tilting axis
Tracking error | Motor force | Tracking error Motor torque
RMS error 1.490 [um] 2.631 [N] 2.228x107 [deg] 1.128x10! [Nm]
Normalized RMS error | 7.12% 5.12% 6.15% 2.63%

Normalized RMS error = RMS error + RMS magnitude
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Figure 4-12 Prediction of tracking error and motor force/torque by the identified model.
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Figure 4-13 Experimental result and prediction (zoom-in 3~5.3 [s]).
Figure 4-13 is the highlighted orange zone in Figure 4-12. This figure showcases the capability of the
proposed model to describe inter-axis coupled dynamics. In zone A (shown in yellow), linear axis
velocity command is constant, which should have led to steady-state constant responses if it were a

decoupled system. The tilting axis during this period is decelerating, then accelerating. The inertial
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forces from the tilting axis, due to the coupled multibody dynamics, disturbs the tracking error and
motor force in the linear axis. In zone B (shown in green), it is the opposite situation, where the inertial

forces from the linear axis excites the tracking error and motor torque in the tilting axis.

As the illustration in Figure 4-14, since the proposed physics-based model is derived based on the
machine configuration and other considered mechanical factors (friction, ripples, etc.), the generalized
disturbance model can actually be decomposed such that the disturbances from each mechanical factor
can be calculated individually (as d1;,d2;, ... in Figure 4-14). By integrating the identified transfer
functions, the tracking error caused by each disturbance, as well as the position command, can be

decomposed and calculated individually (as €4y, €d1; dz;s in Figure 4-14).

ar, e
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di; €41
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disturbances : e’ij’ f/
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Figure 4-14 Decomposition of disturbances and the resultant tracking error.

Thus, each of the predicted disturbances and the resulting tracking error are plotted in Figure 4-15. The
integration of the absolute values of each tracking error can also be displayed in pie charts (see Figure
4-16). Three types of disturbances are shown in the figures. It should be noted that position-dependent
disturbance in the tilting axis includes not only the motor ripple but also the gravity torque, which is
also purely position-dependent. The small and jerky spikes are motor ripple, while the slowly varying

wave is gravity torque.

These figures become a useful tool for root cause analysis. For example, in Figure 4-15, at 3.2 seconds
when both axes just start moving, the friction and the command tracking contribute almost the same
amount of tracking error in the linear axis. In contrast, in the tilting axis, the command tracking is the
dominant source of tracking error. Viewing the pie chart in Figure 4-16, for the tilting axis, friction is
estimated to contribute very small (less than 1%) tracking error due to the air bearing mechanism, and

position-dependent disturbance is comparatively a major source.

This example showcases the value of modeling and identification to provide insight into the machine

and the process for facilitating machine troubleshooting and process modification. Furthermore, such
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an approach can also be used to dynamically analyze and budget the sources of positioning errors in

machine tools and other precision positioning systems, similar to the concept and benefits of dynamic

error budgeting [113], but also with extension to multibody dynamics.
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Figure 4-16 Tracking error statistics during 3~5.3 [s] section.

4.4 Conclusion

This chapter has introduced a new approach to build high-fidelity dynamic models of coupled
multibody feed drive systems. The proposed model is configurable so that it is applicable to a broad
class of machine tools and robots, for example with serial kinematics. The model estimation is highly
efficient and accurate, due to the proposed decoupling of nonlinear and linear dynamics. The new
approach has been demonstrated for digital twin estimation for a 5-axis laser drilling machine, via short
packets of in-process CNC data. The tracking error due to inter-axis coupling effect is accurately
modeled. Another validation was performed using an in-house trunnion table. The tracking error and
motor signal in relation to the command input, multibody dynamics, motor ripple, and nonlinear friction
were accurately simulated. In addition, the tracking error resulting from each individual disturbance
source can be decoupled. This analysis can also provide useful insights into the machine and the

process, to facilitate machine troubleshooting and process improvements.
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Chapter 5
Identification of Multi-Axis Feed Drive Control System Considering

Mechanical Flexibility

5.1 Introduction

The experimental validation presented in Chapter 4 assumes that the coupled multi-axis drives are rigid.
However, this assumption may not be valid in situation where structural resonances are excited by the
servo forces, especially in large-sized machine tools. This chapter illustrates how to extend the method

proposed in Chapter 4 to further take into consideration the vibratory dynamics.

Figure 5-1 6-axis robot
manipulators [114]. Figure 5-2 5-axis machines with different kinematic chains [45].

The modeling and identification of multibody dynamics considering structural flexibility have been
studied in the field of robotics. An articulated robot, as shown Figure 5-1, is typically composed of
consecutive revolute joints and arms. Thus, their mechanical flexibility can be systematically modeled

by the flexible joint model and/or Euler—Bernoulli beams [57].
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In contrast, the configuration of industrial machine tool is much more diverse. By observing existing
5-axis machines, as shown in Figure 5-2, characteristics specific to the 5-axis machines can be found.

These observations define the scope of the study on this topic.

(a) In terms of the sequence of the kinematic chain of a multi-axis machine feed drive assembly, the

rotary axes are normally placed on top of linear axes or just mounted on the fixed machine base

frame.
(b) Rotary axes are either trunnion table carrying the workpiece or swivel head carrying the spindle.

Both units may contain only one or two consecutive rotary axes.

(c) Rotary axes, whether they are a trunnion table unit or swivel head unit, are relatively rigid compared

to the linear axes and machine frame. In other words, multi-axis machine tool drives can be assumed

as flexible linear drives coupled with rigid rotary drives. This assumption corresponds to a recent

study [115][116] which achieves accurate dynamic modeling by assuming rigid rotary axes,

flexible linear axes, and a flexible machine base frame (see Figure 5-3).
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Figure 5-3 Multibody model with flexible joints of a 5-axis machine [115].

According to the above observations, in Section 5.2, a general linear feed drive structure is considered,
where the vibratory dynamics can be classified into four different types. In Section 5.3, two cases of a
flexible linear drive coupled with a rotary drive are discussed. Case 1, discussed in Section 5.3.1, covers
the first three types studied in Section 5.2, and Case 2, discussed in Section 5.3.2, covers the fourth. It
is found that if there is significant mechanical flexibility within the connection of a linear drive and a
rotary drive, then the position data from CNC is insufficient for the proposed model identification

method. An extra motion sensor is required to capture the relative vibration between the linear and
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rotary axes. The case requiring an extra motion sensor is further studied and verified in the later

chapters.

5.2 Classification of Vibratory Dynamics of a General Linear Feed Drive

A general flexible linear feed drive has four types of typical vibratory dynamics [117] which can be
excited by the servo force (see Figure 5-4). u; and q; represent the servo force and the position

measurement for the feedback control, respectively.

u;: servo force q.: position measurement for feedback control
4,{ q
u
qL . < 5, | Motor
U sl OO
L AN
= —| Motor e Load Frame
g g g g g 2 g g Q Q)
(a) Stiffness of the actuator. (b) Limited mass & stiffness of machine base
FAAAA
- 51—{ Frame a. 1 0
4ﬂ q u,
u ~— =
< 55| Motor
iy OO L L
Frame
Q @ (d) Stiffness permitting rotation around lateral
(¢) Stiffness of the frame. direction.

Figure 5-4 Four types of vibratory dynamics for a general linear feed drive [117].

Type (a.): Stiffness of the actuator. This case refers to the stiffness of the structure connecting the motor
and the load (table or spindle). The spring in the figure could refer to a ball screw, gear, or belt [118].
If the position of the load side is chosen to be the measurement feedback, such additional vibratory

dynamics between the motor and the load may lead to 180-degree phase lag without anti-resonance.

Type (b.): Limited mass & stiffness of machine base. When a machine tool is placed on the ground and
supported by the leveling feet, its own weight is the normal force creating the contact stiffness. Then,
such stiffness together with the entire machine mass lead to low-frequency vibratory mode, where the

machine as a whole vibrates with respect to the ground.
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Type (c.): Stiffness of the frame. The machine frame as an overhang structure carries the kinematic
chains for the tool and the workpiece. Typically, larger workspace is achieved by a longer or higher
overhang structure, thus leading to lower rigidity. Such resonance can be excited by the reaction of the

servo force acting on the machine frame.

Type (d.): Stiffness permitting rotation around lateral direction. If the servo force is not aligned with
the center of mass (COM) of the moving part, such off-centered force generates a torque that could
excite the rotational vibration mode. The stiffness to resist the applied torque could be the stiffness of
the guideway or the stiffness of overhang structure of the moving part. Figure 5-5 is an example
highlighting the off-centered servo force. The principle of Drive at the Center of Gravity (DCG) [120]
is a way to circumvent this issue. Box-in-box design, as shown in Figure 5-6, is a design following this
concept to generate the resultant driving force close to the COM, however, with the cost of one more

servo system.

Figure 5-5 Moving column design [119]. Figure 5-6 Box-in-box design [45].

5.3 Cases Studies on a Linear Drive Coupled with a Rotary Drive

In this section, a rotary drive is added onto the general linear drive illustrated in Section 5.2. Type (a),
(b), and (c) are discussed in Section 5.3.1. Type (d) is particularly discussed in Section 5.3.2 since it

requires an extra motion sensor for the model identification.
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5.3.1 Case 1: Flexible Linear Drive Rigidly Coupled with a Rotary Drive (Generalization
of Type a, b, and c)

11— Frame

u A
L, | Motor "5 "| Load

sl O O 0O
Frame
e O

Figure 5-7 A general expression of type (a), (b), and (c¢) vibratory dynamics.

The vibratory dynamics of the type (a), (b), and (¢) in Section 5.2 can be generally presented as Figure
5-7. This flexible linear drive can be transformed into a equivalent N-degrees of freedom (DOF)
(denoted as 1,2, ..., L, ... N) mass-spring-damper system, as conceptually shown in Figure 5-8. q; is the
position measured by the linear encoder for the feedback control. If a translational mass m;, is rigidly

attached with a rotary drive (denoted as R), the equations of motions can be derived as follows.

-

kN-‘l

.--_I\/\N_
Cn.1 @

b, -q.

Figure 5-8 Expression of a linear flexible drive coupled with a rotary drive.

u, = mygy +¢1(q1 — G2) + k1(q1 — q2)
0=myq, +b,q,—c—1(qr—1—q1) —kp-1(qr—1 — q1) + ¢, (qr, — qr+1) + k.(qL — qr4+1) + d,,

0 =mygy — cn-1(Gn-1 — 4n) — kn-1(gn-1 — qn)
Ug = Mg + brqg + dg

(5.1)

The generalized disturbances, d; and dg, capturing all the nonlinear and coupling terms such as

coupled multibody dynamics and friction, can be derived as
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d, = Xr (qR cos(qg) — qr° Sin(QR)) + qu((IL) + upL(qL)
dr = xr(G, cos(qg) + g sin(qg)) + ufR(‘?R) + upR(qR)

(5.2)

Xr 1s an inertial parameter, and Up s U oo Up s and Up , are nonlinear friction and position-dependent

disturbance respectively. Eq. (5.1) and Eq. (5.2) can be visualized as the block diagram shown in Figure

5-9 (a). The generalized disturbance block represents Eq. (5.2), where the inputs q; and qg can be

measured via the feed drives’ encoders. Since the N-DOF mass-spring-damper system are linear, the

relation between u;and q; can be expressed by a high-order transfer function P;(s). The same

expression applies to the rotary axis, denoted as Pz (s). Then, Figure 5-9 (a) can be rearranged as Figure

5-9 (b).

Py (s): high-order vibratory dynamics
qu(s) = P(s) x (u(s) - di(s) )

Linear N-DOF
mass-spring-damper system

u, 1
L ~ued

191

mqs2+bys

1.
mos2

1 qL
m.:_sz

i a2

-

-

—=0—

_f_

i
il an

2
mps ”’

Generalized

d l’disturbances

R
- 1 W ar
O—=

m,q82 +brs

-

Pr(s)
qr(S) = Pr(s) x ( ur(s) - dr(s) )

(a) Open-loop dynamics.

d

YRrR.G

deT

e -
Generalized |«
disturbances |+

ar
—-

(b) Open-loop dynamics expressed by P (s),
Pgr(s), and generalized disturbance.

Q. - e

Ci(s)

up

LTI closed-loop dynamics

dp
dr

LTI closed-loop dynamics

grr

Cr(s)

Ur

1 er

][

Generalized
disturbances
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Figure 5-9 Block diagram for Case 1: flexible linear drive rigidly coupled with a rotary drive.

The open-loop dynamic model can be integrated with LTI feedback and feedforward controllers Cj,(s)

and Cr(s), as shown in Figure 5-9 (c), where the generalized disturbance is isolated from the LTI
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closed-loop dynamics. This framework fits the proposed equivalent model representation illustrated as
Figure 4-2 where the order of MIMO LTI model can be configured depending on the number of the

observed vibratory modes.

The model can be identified following the procedure illustrated in Section 4.2.4. Step one is the
parameter identification of the open-loop dynamics, Eq. (5.1) and Eq. (5.2). If applying smooth (low-
jerk) trajectory where structural vibration would not be excited, Eq. (5.1) and Eq. (5.2) can be simplified
as a rigid body model:

uy, = my g, + byqy, + xr(dr cos(qr) — qr’ sin(qg)) + qu(flL) + upL(qL)

i : ) . . (5.3)
ugp = mpdr + brqg + xr (G, cos(qr) + g sin(qr)) + ufR(qR) + upR(qR)

Then, step one can be done by simply using the servo data q;, qg, u;, and up collected from the CNC.
Step two is to build the predicted generalized disturbance d by the collected data and Eq. (5.2). The
identification of the MIMO LTI model, step 3, can be performed using the predicted d along with the

collected signals of g, , Gy, €y, g, Uy, and up from the CNC. Therefore, in this case, no extra sensor

is required. The servo data from the CNC is sufficient to build the feed drive’s model.

5.3.2 Case 2: Linear Drive and Rotary Drive Connected by Flexible Structure (Type d)

Figure 5-10 5-axis machining center with a moving trunnion unit [119].

A typical example of Case 2 is shown as Figure 5-10. A trunnion unit (A & C axes) together with a

linear X axis are mounted on top of a linear Y axis driven by a ball screw at the bottom. Such driving
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force is far away from the COM of the entire moving part. Additionally, Y-X-A axes are linked by two
sets of linear guideways, causing considerable structural compliance. Therefore, the linear Y axis and
the rotary A axis constitute a coupled multibody system with flexible connection, which falls into this

category.

This case can be expressed as a lumped mass-spring-damper model shown in Figure 5-11. The linear Y
axis comprises a linear mass my attached to a rigid link by a torsional spring-damper (ks and cs). The
rotary drive (A axis) is attached to the link by a revolute joint. The deflection angle of the spring-damper

joint is denoted as gq5. To avoid confusion, please note that § is not Kronecker delta from tensor notation.

—{ _my Mg le: Ls ks.Cs

7>\ Torsional .
Qy Rigid link with spring-damper 9a’*
Linear axis connection flexibility Rotary axis

uy: linear motor input  u.: rotary motor input
qy: linear encoder q,: rotary encoder 9o =ga +q5

Q5 missing state. Require extra motion sensor.
Figure 5-11 A linear drive and a rotary drive connected by a rigid link with connection
flexibility.
The motion of the linear drive gy and the rotary drive relative to its support (rigid link) g4 are measured
by the encoders for the feedback control. However, the deflection angle of the rigid link g4 is not
detected. The angle of the rotary drive in a global inertial frame g, is also not known, i.e., g4, = qs +
q 4. Based on Figure 5-11, the dynamic equations of the three bodies can be derived as:

uy - myqy + byC.I.y + dy .
—uy = IsGs + c595 + ksqs — bada + ds 5.4

Uy = IyGar + baa + dy

The generalized disturbances d = [dy dg d4]T are derived as

dy = u(4s” sin(qs) — Gs cos(qs)) + p(Gas c0s(qa) = Gar” sin(qa)) +wr, +up,
ds = A(={as cos(qa) + Gar” sin(q4)) — udy cos(qs) — ¢ sin(qs) — U, —Up, (5.5)
da = A(—ijs cos(q) — qs” sin(qs)) + péy cos(qa,) + ¥ sin(qa,) + ur, tup,
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The physical significance of the parameters are listed in Table 5-1. Eq. (5.4) is the linear open-loop
dynamics. Eq. (5.5) is dy, dgs, and d4 associated with each of the three bodies. They represent

generalized disturbances containing the rest of nonlinear open-loop dynamics.

Table 5-1 Descriptions of the parameters in Eq. (5.4) and Eq. (5.5).

u, p, A, P, and @ Machine inertial parameters
cs and kg Coefficients of the torsional spring-damper
by and by Viscous damping at the joints
Ur, and ur Nonlinear friction at the joints
Up, and Up , Position-dependent disturbances, Eq. (3.11)
my, Mg, and My Mass
Is and I Diagonal inertia
dy
ds Generalized
da; disturbances
Ary C uy b 1 qy
ey " mys2+bys
LTI closed-loop 1 45
dynamics - I5s2+cgs+ks
9ra Cals) 24
e
; - - qa’

- 552 [

Figure 5-12 Block diagram for Case 2: linear drive and rotary drive connected by flexible
structure.
After integrating general LTI feedback and feedforward controllers, Cy (s) and C4(s), as Eq. (4.11), the
system can be visualized by the block diagram shown in Figure 5-12. As can be seen, the motor torque
of the rotary drive uy, is computed by the controller C4(s). Then, this torque and its reaction are applied
to the motor shaft I, and the rigid link /5 fixed by the torsional spring-damper (ks and cg) respectively.
Their relative motion at the revolute joint generates viscous damping torque, feeding back to these two

bodies.

As the identification procedure elaborated in Section 4.2.4, step 4.1 utilizes the collected data to
perform the identification of open-loop dynamics. Viewing the dynamic equations Eq. (5.4) and Eq.

(5.5), the required data are the motor inputs [uy, uy] as well as the joint variables [qy, 95, 94, 94,] and
79



their /st 2nd time derivative terms. On the other hand, step 4.2 calculates the predicted generalized
disturbance d as Eq. (5.5), which again requires the joint variables [qy, qs, @4, Ga,] and their time

derivatives.

qy and q4 are the axis encoder readings and can be directly accessed from the CNC. However, it is not
possible to determine g5 and q4, by q4 = q4, — qs if only q4 is given. Hence, unlike the previous Case
1, the identification of this closed-loop system requires an extra motion sensor to measure qs5 and/or
q4,- For this purpose, an IMU will be used to reconstruct the angular velocity and acceleration of the
structural deflection angle, g5 and §s5. Details of the measurement procedure will be presented in the

next chapter.

Generalized disturbance . _ . . .
d(ql‘.L&) q qy_qry-ey qy: %qy qY: %qy
j 9l=-dgn=ap-ea da= %aa o= %an
dy | Yaxis ev q c .
d | a | 2x2sys. uy 5= s ot ds= % as
q da | | €A _ e d=[dydyds]’
. )
d A axis _ T
=) P 9r=[qry Gy
ra YS- 45 ds - T
- — e=[eyes]
MIMO LTI dynamics u=[uyus]”

Figure 5-13 Equivalent model: MIMO LTI system coupled with generalized disturbance.
According to the above discussion, the equivalent expression of this multi-axis control system can be
expressed as Figure 5-13. The generalized disturbance block represents Eq. (5.5), containing the
nonlinear dynamics of the three bodies. The MIMO LTI block contains the subsystems for the Y and
A axes. Since there are two bodies (/5, and 1) in the A-axis control loop, the disturbance inputs become
d, and dg for each body. g5 is configured as an extra output of the A-axis subsystem. By integrating

and differentiating g4, then g5 and g5 can also be derived for the computation of d.
The closed-loop LTI portion of the dynamics for the Y-axis is a 2x2 system as

{eY(S) = GeYdy(S)dY(S) + Geyqu(S)CIry(S)
uy(s) = Guydy(s)dY(S) + Guyqry(S)CIry(S) (5.6)

Gij(s) = Nij(S)/DY(S); i€leyuyl; jE [dY er]
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Regarding the order of the system (see the assumptions listed in Table 4-1), considering the velocity
and acceleration feedforward control, two high-frequency real poles are pre-assigned. The integral
control along with a rigid body contributes one complex pole pair and one real pole. In total, the
characteristic polynomial Dy (s) of the Y-axis subsystem can be configured as a Sth-order system with
three real poles and one complex pole pair. According to the block diagram shown in Figure 5-12, the

respective characteristic polynomials Dy(s) and numerator polynomials Nj;(s) of each transfer

function can be derived as:

(Dy(s) = 3 s (s + pmy) (52 + 20y Wny yS + wnk’yz)

Ne,a, (s) = bEY st 4 prdr g0

{ Neyg,, (s) = b sS4 by st 4 bV IS 4 b, Y% 4 p YT T (5.7
Ny, a, (s) = bgydysz + b;wdysl + H$n=1rll%=1pm,}’wnk’y2

_ 1. Wqry 5 UyQry 4 UyQqry 3 UyQry 2 UyQqry 1
LNuqu(s)—b1 s°>+b, s* + b, s®+b, s+ b, s

On the other hand, due to the additional d5 and gs, the A-axis can be defined as a 3x3 system:

ea(s) = Gena, (s)da(s) + Gepas(s)ds(s) + Geyq, , (5)qr ,(5)
Ua(s) = Gy pa,(8)da(s) + Guyas($)ds(s) + Guyg,, ()47 ,(5)
4s5(s) = Ggza,(5)da(s) + Ggzas(s)ds(s) + Gqsqm(s)qm(s) (5-8)

Giy(s) =", o i €learadsl j € [dads gry]

Compared to the Y-axis, the A-axis contains one more body (the rigid link and the rotary drive),
resulting in one more complex pole pair. Hence, the characteristic polynomial D,(s) of A-axis
subsystem is configured as a 7th-order system with three real poles and two complex pole pairs.
According to the block diagram shown in Figure 5-12, the respective characteristic polynomials D, (s)

and numerator polynomials N;;(s) of each transfer function can be derived as:
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(D4(5) = M3 a T2 (5 + Pimoa) (57 + 204y 45 + @ny 2

2.(s) _beAdA 3 +beAdA 2+beAdA 1+b€AdA 0
€A A

i (s) = eAda 3 +beAd8 2 +beAd8 1
eA & -
N (S) — beACIrA 7 +beAqrA 5+b AQrA 5 _I_beAQTA 4+beAQrAS3 +beAqTASZ +beACIrAS1

€Aldry 7

d d d d
uAdA(S) _buA A 4+buA A 3+buA A 2+buA A 1+H,3:n 1Hk 1pmAwnkA2
d (S) _ buAdrS 4-_|_buAd8 3 +buAd6 2 +buAd6 1
uA §
uaq uaq q q uaq Uuasq Uuasq

Nupq, (8) = b "7 + b, 456 + b, TS 4 pAIragt 4 p ATrag3 4 p AT Ag2 4 p ATrAgT

gsd qsd gsd
a(s)_b6A3 b&ASZIbSAl

qd qd qd qd
5(5) b884|b6653|b6652 b&&l

) 1 484r4 ¢ dsdry 5 Asqry 4 dsdry 3 Asqry 2
Nqaqm(s)—b1 s®+b, s° + b, s*+b, s® + by S

(5.9)

In the later chapters, the identification of this case will be particularly studied and validated with the

use of an IMU to capture the coupled feed drive structural vibration (qg and Gg).

5.4 Conclusion

This chapter introduces structural flexibility into the model and identification method proposed in
Chapter 4. By reviewing the 5-axis machine kinematics and the vibratory dynamics of a general linear
drive, two cases of a linear drive coupled with a rotary drive are studied. It is found that if a rotary drive
is rigidly attached to a flexible linear drive (Case 1), then the servo data from the CNC are sufficient to
identify the dynamic model of this multi-axis feed drive control system. The machine flexibility is

considered by a higher-order MIMO LTI model.

However, if there is significant mechanical flexibility between a linear drive and a rotary drive (Case
2), then the servo data from the CNC is insufficient for the proposed identification method. An extra

motion sensor is required to capture the vibration between the linear and rotary axis, gs.

Case 2 which requires an extra motion sensor will be particularly studied in the following chapters.
Chapter 6 will present the application of an IMU to capture the missing internal structural vibration. In
Chapter 7, the servo data from CNC along with the vibration measured by the IMU will be applied to

identify the dynamic model of the feed drive control system developed in this chapter.
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Chapter 6
Use of IMUs for Capturing the Vibration of Multi-Axis Drives

6.1 Introduction

The identification method proposed in Chapter 4 considers rigid multi-axis drives which, in reality,
could be flexible. According to the analysis of Case 2 in Section 5.3.2, if there is significant mechanical
flexibility between a linear drive and a rotary drive, the servo data from the CNC is insufficient for the
proposed model identification method. The internal vibration between the linear and rotary drives are
necessary information as well. Case 2 in Section 5.3.2 is experimentally studied in Chapter 6 and
Chapter 7. In this chapter, a methodology to capture the internal vibration by an IMU is proposed and

verified.

This chapter is organized as follows. Section 6.2 introduces an experimental setup prepared for this
study. Section 6.3 introduces fundamental data processing techniques for MEMS IMUSs, e.g.,
strapdown integration and sensor fusion. Section 6.4 describes the procedure of reconstructing the
internal structural vibration by incorporating the collected IMU data and encoder data. The
implementation results are presented in Section 6.5. In the next chapter, the reconstructed vibration will

be used in the identification for building the dynamic model of multi-axis flexible drives.

6.2 Experimental Setup

i I

Figure 6-1 Experimental feed drive.
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Figure 6-1 shows the experimental setup built for this study. The design and analysis of this setup are
reported in Appendix A. It is a linear feed drive (Y-axis) connected with a trunnion unit (A- and C-
axis) by an I-shaped flexible structure. Such configuration induces a 35 Hz flexible bending mode with
a 19 Hz anti-resonance. These values are similar to the characteristics of a medium- to large-sized

industrial machine tool.

This setup replicates the machine configuration of Case 2 discussed in Section 5.3.2 where significant
flexibility exists between the linear drive and the rotary drive. Since the C-axis is a symmetrically

cylindrical rotor which can be viewed as an independent dynamic system, therefore, the dynamic model

in this case study considers only the coupled linear Y- and tilting A-axes. On the other hand, since the

IMU is mounted on the table (C-axis), the kinematic model built in this case study includes the Y-A-C

axes, in order to demonstrate successful vibration reconstruction even during Y-A-C axes simultaneous

motion.

Figure 6-2 Installation of an IMU.

As shown in Figure 6-2, a Xsens MTi-630 IMU is firmly attached to the machine table. The IMU data
is transferred via an USB cable to a laptop. While the feed drive is operating, both the servo data and

IMU data are collected. The following items are the reasons for using an IMU for this application:

(1) No kinematic constraint: position measurement instruments, for example, a grid encoder (KGM)
or laser vibrometer, can only measure within limited travelling range along a specific direction.
Measuring 3D simultaneous motion is not possible. In contrast, tri-axial accelerometers are non-
intrusive, easy to be attached/installed, and are without kinematic constraints.

(2) Reliable static response: AC accelerometers inherently behave as high-pass filter which are not

suitable for measuring feed drive motion which primarily lies in low frequency region. In contrast,
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DC accelerometers, for example, MEMS IMUs, have stable static (0 Hz) response, which is ideal
for this application.

(3) 6-DOF measurement: with the integration of a tri-axial accelerometer and a tri-axial gyroscope, an
IMU can measure both the orientation and translational acceleration, fully capturing the motion of
multi-axis feed drives.

(4) Future potential: IMUs made by MEMS technology are relatively inexpensive, and its performance
has been improving over the past decade [93]. It is therefore foreseeable that high-accuracy and

cost-effective MEMS IMUs can be realized in the coming future. Hence, it is time to explore its

application to precision control engineering.

Figure 6-3 The kinematics of the experimental drive assembly.

The machine kinematics can be represented by Figure 6-3. Oy, is the fixed machine inertial frame. Oy,
05, 04, and O are the local moving frames attached to the linear table, the flexible machine frame,
the tilting rotary feed drive, and the rotary table, respectively. The displacement of each feed drive is
defined as gy, q4, and q., which can be directly measured by the axis encoders. The I-shaped flexible

structure is modeled by a torsional spring-damper of which g is the deflection angle.
Machine Kinematics
The machine kinematics from Oy to O7 can be described by a 4x4 transformation matrix Hy

Rryy Trm
o =] | 6
T/M 01)(3 1 ( )
Ry y is a 3X3 rotation matrix, and Tr/ is a 3X1 translational vector.

Following the machine kinematic chain, the transformation matrix Hr/y can be derived as:
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Hpy = HrjaHysHs)yHy /iy (6.2)

cosqc singec O

The  corresponding  rotation — matrices are Rpjq = [—sinqc cos q¢ 0] , Rys=
0 0 1

1 0 0 1 0 0 1 0 0

0 cosqy singy
0 —singy cosqy

,Ra/y=[0 cos qs Sinqgl,andRy/leo 1 0] respectively.
0 —sings cosqs 0 0 1

As translational vectors T are not necessary for the reconstruction of the machine vibration, T are not

1llustrated in this section.

If only considering the rigid body kinematics, i.e., g5 is neglected, then the transformation matrix Hy /y

becomes:

HT/M = HT/AHA/YHY/M (6.3)

1 0 0
O; is neglected and Ry = [0 €oS qyu SinqA]. In the following sections, the above kinematic
0 -—sing, cosqy

models covered from Eq. (6.1) to Eq. (6.3) have been applied to reconstruct the machine vibration with

the collected data.

6.3 Measuring the Orientation by IMUs

The raw measurement data from an IMU are the linear acceleration (containing gravity) and angular
velocity expressed in the sensor frame. Then, the sensor orientation, gravity-free linear acceleration,
and angular velocity expressed in the global frame can be estimated by strapdown integration and

sensor fusion. This section details these computation processes.
6.3.1 Predicting Orientation by Strapdown Integration

Definition of the Global Frame

When an IMU starts operating, it establishes a fixed inertial global frame O, as a reference for
expressing the orientation of the sensor frame Og attached to the IMU (see Figure 6-4.) Since the
gravity direction can be indicated by the triaxial accelerometer, the vertical axis of O is defined to be

parallel to the gravity direction, and the other two unreferenced horizontal axes of O are aligned with
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the sensor frame Oy at the beginning of the measurement. In other words, O is dependent on the initial

sensor orientation.

Figure 6-4 Global frame O and sensor frame Og defined by an IMU.

Orientation Expression

The orientation of frame Og with respect to frame O can be expressed by a 3x3 rotation matrix Ry,
which is also called direction cosine matrix (DCM). More details about orientation expression can be
found in [107]. An arbitrary position u in space can be represented by vectors u® and u® with respect

to O and Og respectively. The vectors can be converted by Rg ; as:

uS = Rs/GuG (64)

Strapdown Integration
The orientation Rg/; cannot be directly measured. Instead, the triaxial gyroscope measures the angular
velocity of the sensor, w§ 6 = [wx Wy  W,]T with respect to the global frame (as the subscript S/G)

and expressed in the sensor frame (as the superscript S). R /¢ can be computed by wg /G as:

RS/G = =R (6.5)
and
0 —W; Wy
2=\ w, 0 —wy (6.6)
—Wy Wy 0

2 is the skew-symmetric matrix for rate angle w3 /- The complete derivation of Eq. (6.5) and (6.6) can

be found in [94]. We can notice that Eq. (6.5) is essentially nine scalar /st-order differential equations.
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Since gyroscopes provide discretized data at a fixed sampling period t, the predicted DCM at the (k +
1)th time step is:

Rs/6,,, = Rsje, t+ RS/ths (6.7)

By plugging in Eq. (6.5) and Eq. (6.6), then Rg ¢ - becomes

Rs/6,,, = (I3 - 'ths)RS/Gk (6.8)

£, is built by the kth sampled angular velocity. Eq. (6.8) is strapdown integration indicating that the
orientation in the next time step is a function of the orientation and angular velocity at the current time

step.
6.3.2 Sensor Fusion

Sensor Model

As discussed in the introduction in Section 2.6.2, the output of a triaxial gyroscope
yG = wg/G + vG + bG (69)

is the sum of the true angular velocity wg /6> the noise v, and the bias b [96]. If using an IMU just

for a short period of time, for example, the experiment in Section 6.5 where the total duration is 6.12
seconds, b; can be assumed constant, and therefore can be calibrated when the sensor is at rest.
However, gyroscope noise v, will lead to angle random walk (ARW) behavior while performing

strapdown integration.
On the other hand, the output of a triaxial accelerometer
Ya = a5+ g5/ +va+ by (6.10)

is the sum of the true sensor linear acceleration ag/G, the gravity gs /G- the noise v, and the bias b,
[96]. When a3 / 1s small enough to be negligible, the orientation predicted by gyroscope measurement
can be corrected by fusing it with the accelerometer output since g / also indicates the inclination,

i.e., the orientation except the rotation around the vertical (gravity) axis.

88



Sensor Fusion Algorithm

‘ ' Sensor fusion _}| - . l
| IMU Iya Vel ——"'| Adaptive EKF for Jacobian :
} | Orientation orientation estimation | computation }
| 1 " yA - . |
I I R \ Adaptive Kalman gain -y |

S/G - ; Prediction
1 : \ mechanism computation 1
oI Gravity subtraction | |, }
& Transformation b |
\ Estimation R |
G G X S/G |

[asic, wsis N

Figure 6-5 Sensor fusion algorithm adopted from [102].

As the review presented in Section 2.6.3, various sensor fusion algorithms for orientation estimation
have been developed. The differences between those algorithms are primarily the required
computational costs and dynamic bias estimation. As the application in this thesis is off-line and short,
such differences are rather minor. However, since the experimental trajectory is complex multi-axis
simultaneous motion, rejecting the sensor acceleration from the gravity is more critical to this
application. Therefore, an adaptive extended Kalman filter (EKF) [102] is adopted in this research (see
Figure 6-5.) Jacobian computation is performed due to the nonlinear nature of the orientation. The

estimated orientation Ry is then used to convert the measured angular velocity and linear acceleration
in the sensor frame into the global frame, “’g/a and a$ /- Since there is no way to distinguish the sensor
acceleration ag g from the gravity g“sg /¢ Within the accelerometer outputs y,, the orientation
estimation adopts an adaptive scheme to reject the impact of sensor acceleration a; /6 such that the
estimation with accelerometer measurement is enabled only when the magnitude of ag /6 1s negligible,
ie., |y4] = 9.8m/s?. This step unfortunately makes the estimation solely rely on the gyroscope

measurement when the sensor is in motion.

As a side note, although most commercial IMUs have been equipped with embedded sensor fusion
algorithms, the details are normally kept confidential. Due to not knowing how their body acceleration
rejection scheme works, the above known sensor fusion algorithm is applied to process the raw data

instead.
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Averaging vs. the Standard Deviation

If simply numerically integrating gyroscope data to obtain the angle without the correction by
accelerometer measurement, then after time ¢, the gyroscope noise v; may lead to angle random walk

(ARW) behavior. The standard deviation of the drift is
Ogrw = OgAftst (6.11)
ts is the sampling period, and o;; is the standard deviation of the gyroscope noise.

To mitigate the above negative impact, it is possible to reduce the standard deviation of the gyroscope
noise by taking the average of n repeating measurements. The standard deviation of the averaged data

06 g DECOMES 1 /V/n times of that of a single measurement, i.c., o5, g =06 /.

To improve the root mean square (RMS) error due to the noise, the tests in this research have taken the

average of the 22 repeating measurements to reduce the signal noise variance.

6.3.3 Summary

Overall, the data that can be accessed from the IMU and the sensor fusion algorithm are listed in Table

6-1. In the next section, the data will be used to reconstruct machine local vibration.

Table 6-1 A summary of available data from the IMU and the sensor fusion algorithm.

Y Accelerometer output
Ve Gyroscope output
Rs,; | DCM. Orientation of the sensor with respect to the global frame

w? 16 Angular velocity of the sensor with respect to the global frame, expressed in the global
frame

al 16 Gravity-free linear acceleration of the sensor with respect to the global frame,
expressed in the global frame

6.4 Data Mapping between CNC Data and IMU Data

Before utilizing the CNC servo data and IMU data, they first have to be synchronized since they are
collected by separated data acquisition systems. Section 6.4.1 presents a strategy to synchronize these

two sources of data.

Next, as described in the introduction in Section 6.3, the IMU provides the sensor motion expressed in
its own global frame O;. However, the goal is to capture the structural vibration qs expressed in

machine local frame O4 as shown in the machine kinematic diagram, Figure 6-3. Therefore, there is a
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need to transform the IMU data into the local frame. The proposed methodology for this purpose is

llustrated in Section 6.4.2.

6.4.1 Data Synchronization

Since most of the commercial CNCs do not allow customized real-time data acquisition, the IMU
measurement has to be taken by a separated data acquisition system. Therefore, there is a need to

synchronize the data from the different acquisition systems.

MU i
. Data Syncgar‘ctnglzed
Encoders synchronization

. —_—
Estimated
time shift

Yy v Estimated
time shift

Fine-tune within
a sampling period

Low-pass filter —= Absolute value » Cross-
(optional) = of angular velocity —|correlation

(Rough)

Figure 6-6 Data synchronization flowchart.

Cross-correlation is used to synchronize the data. It is one of the most common synchronization
approaches and has been used in various fields of science and engineering [121]. The proposed
approach assumes that the rigid body motion is the dominant behavior exhibited in both the IMU and
encoder data. The main discrepancy is the transient relative vibration between the two measurement

locations. The vibration is assumed negligible, or it could be optionally removed by low-pass filters.

The flowchart is shown in Figure 6-6. The absolute magnitude of angular velocity is chosen as the
fitting variable to synchronize the two datasets. The magnitude of angular velocity measured by the

IMU, |w§ /G |, should be equal to the magnitude of angular velocities measured by the rotary encoders.

Considering the machine kinematic diagram in Figure 6-3, the magnitude of angular velocity is

4/61',42 +qc°.

Then, the synchronization time shift is estimated by the following two steps. First, a rough estimation
is done by performing discrete cross-correlation of the two angular velocity magnitudes. The index

with the highest correlation indicates the estimated time shift.

However, the resolution of the time shift estimation is confined to the length of sampling period of the
data acquisition. For example, the sampling period of Xsens MTi-630 is 2.5 [ms]. This may lead to
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erroneous estimation of phase response of a closed-loop control system. This problem can be mitigated

by fine-tuning the time shift with the following procedures.

(1) Up-sample the two datasets by spline fitting to reduce the length of discrete time interval.
(2) The estimated time shift is refined by performing the cross-correlation only over a unit sampling
period.

(3) Down-sample the datasets to the original sampling period.

After finding the estimated time shift, this is used to shift the IMU data and CNC data so that they are

synchronized.

6.4.2 Reconstruction of the Local Vibration Using an IMU

An IMU records the motion of the sensor frame Og with respect to the global frame O; while our
interest is the structural vibration defined in local frames, i.c., g5 in Og5 shown in Figure 6-3. This
section presents a methodology to reconstruct such local vibration used for flexible joint model

1dentification.

Unknown Machine
matrices Kinematics

I

I

I

I

i1 Mounting
I Misalignment
I

I

|

I

I

Inertial Frame
1 Transformation

P N L S S

Figure 6-7 Coordinate frames of the machine and the IMU.

When an IMU is attached to the machine table, the relevant coordinates frames are shown in Figure
6-7. There are two kinematic chains from O, to O7. One chain is via the machine kinematics, which
has been illustrated in Section 6.2. The variables of the rigid body kinematics, [qy, g4, qc], can be

measured by the machine encoders. The local structural vibration gg is the unknown variable.
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The other chain is via the IMU measurements from the global inertial frame O to the sensor frame Oy,
which is rigidly attached to the table frame O. To relate the IMU and the machine kinematics, there

are two unknown rotation matrices, Ry and Rg,r which must be solved.

Ry is the inertial frame transformation representing the orientation between O and Oy, These two

inertial frames are not identical because O is defined depending on the initial sensor orientation. On

the other hand, R 7 is the mounting misalignment of the IMU with respect to the table frame.

| | Estimation of Rgy | | o _
! | xtraction ,Qs,0d
(Y4, ¥6] | i} D) 195 95+ 9s]

of g5

G
[Rsc, wsi] Estimation of Rg/r

Sensor fusion

Figure 6-8 The flowchart of estimating structural vibration qs.
Following the flowchart in Figure 6-8, the following sections present the methods for estimating R/
and Rg 7 by utilizing the collected data from the machine encoders and the IMU. Once Rg/y and Rg/r

are estimated, the local structural vibration gqg can be reconstructed.

Estimation of Inertial Frame Transformation R,y

Encoders | | - M |
| Rigid body | Wrm Data gathering Estimation using SVD | |
kinematics |
[ _ M M T
[ 9a,4c ] ! . X = wT/M1 wT/MNt ]3’(Nf XY UZVT = XYT :
i I
G G 5 |
IMU& || Wsie | Y = [ wsg, ... Wsion, laun Rom=wu’ |
Sensor fusion | :

Figure 6-9 Estimation of R/ y.

Figure 6-9 shows the flowchart for estimating R /). Considering the machine rigid body kinematics

in Section 6.2, the angular velocity of the table frame O expressed in the machine inertial frame Oy,

can be derived as:

0
0

M
wT/M = +

1
0 coqu —squ” ] (6.12)
dc

A T
0 +(RA/YRY/M) 0 =
1c 0 sinqy cosqy

0

Computing w’}”/M via Eq. (6.12) requires [q4, ¢, G4, Gc], which are available data from the encoders

of the rotary A and C axes. Since the IMU is rigidly attached to the rotary table, the angular velocities

of O5 and O7 with respect to an arbitrary inertial frame, for example O, should be identical, i.e.,
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W7y = WSy (6.13)
On the other hand, the estimated wg /G remains the same if changing the referenced inertial frame, i.e.,
WS/ = WOF/y (6.14)
Combining Eq. (6.13) and Eq. (6.14) and introducing Ry, the following equation is derived as:
w$); = WS/ = Remwsyy = Rom®F )y (6.15)

By gathering N, samples of data from the encoders and the IMU, the following X and Y data matrices

can be built.

M M M
X = [(DT/Ml wT/Mk wT/MNt]Sth
Yy = [wG o Wb N (6.16)
= |%s/6, S/Gy LI
t

X is built by the encoder data while Y is built by the IMU data. According to Eq. (6.15), the estimation

of the rotation matrix R /) can be formulated as the following optimization problem:

N¢

Ra/yei?om); ”“’g/Gk - (RG/IVI“’ITV1/1v1k)||2 (6.17)

This can be solved in a least squares sense [122] by taking the singular value decomposition (SVD) of

XYT,

uzvT = xyT (6.18)

Then, the rotation matrix R,y can be estimated by

Rgm = (VT =vuT (6.19)
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Figure 6-10 The flowchart for estimating Ry 7.

Figure 6-10 shows the flowchart for estimating Rg 7. Considering the machine rigid body kinematics

demonstrated in Section 6.2, the orientation of the table O with respect to machine inertial frame Oy,

can be derived from Eq. (6.3) as

cosqc sinqc O
Rr/y = RrjaRy/yRy/y = |—singe cosqc 0

1 1 0 O
0 cosqy squ] [0 1 0] (6.20)
0 0 1

0 —-singy cosqull0 0 1

On the other hand, by incorporating Rg/; from the IMU and R; /um estimated by Eq. (6.19), R/ can

be derived as

RT/M = RT/sRS/GT?G/M (6.21)

Combining Eq. (6.20) and Eq. (6.21), the unknown R can be expressed as

Rg/r = RS/GTIG/MR;F"/M (6.22)
Since Rg/c and Ry are given, and R; /m has been estimated by Eq. (6.19), Rg/r can then be
estimated. By gathering N, samples of data from the IMU and the encoders, Rg /T, for the kth sample

can be computed as
Rsr, = RS/GkﬁG/MRY/AkRA/Tk (6.23)
Taking the SVD of the sum of Rg /T

N¢

uzvT = Z Rs/r, (6.24)
k=1

then Rg /7 can be estimated by normalizing the above summation as
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Rs/r =uv”

(6.25)
This approach is taking the average of the estimation from each sample
Extraction of Structural Vibration g4
Now, introducing the structural vibration Ry into Eq. (6.20), Ry /y becomes
RT/M = RT/ARA/6R8/YRY/M
cosqc singc 0 1 1 0 0 (6.26)
= |—sing, cos Clc cos qA sing, |0 cos q,g smq(g 01 0
0 —singqy cosqull0 —sings cosqsll0 0 1
Combining Eq. (6.26), Eq. (6.21), and the estimated R /7> Rs/y can be reconstructed as
Rsjy = R} /sRT ARS /1 Rs R Ry (6.27)

If representing R,y by Z-Y-X Euler angles:
Rs/v(4s 90, 9y) = Rx(q5)Ry (q6)R,(qy)

1 0 0 cosqg 0 —singg cosqy singy O (6.28)
= (0 cosqs Sin q5) < 0 1 0 ) —singy cosqy O
0 —sings cosqs

sinqg 0 cosqg 0 0 1

the deflection angles attributed to the connection of the tilt stage to the linear stage, qs can be solved
(see Figure 6-11).

Figure 6-11 Coordinate system representing the structural deflection
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qe and qy, are rotations along the other two orthogonal directions, which are assumed to be negligible

for the I-beam connection, due to the corresponding rotational stiffnesses being much higher. The

consideration of simultaneous vibrations in the additional degrees of freedom (i.e., gg and qy) is also

believed to be possible, but is considered as future research.

6.5 Experimental Validation

A simple command trajectory (Figure 6-12) was designed to test whether the proposed model
estimation concept of fusing IMU and CNC signals is able to reconstruct the unknown internal vibration
while the Y-A-C axes are moving simultaneously. The trajectory reaches high acceleration and high
jerk (see Table 6-2) to excite the structural vibration, such that vibratory inter-axis dynamic coupling
effects between the Y- and A- axes can also be observed. The commanded position q, =
[qry qr 4 r c]’ actual position q = [qy q4 qc], tracking error e = [ey e4 e], and motor inputs u =
[uy uy uc] were collected at a sampling rate of 400 Hz. Time derivative terms [q, ¢, q {] are also

derived.

Table 6-2 Kinematic limits of the experimental trajectory.

Speed Acceleration Jerk
[mm/s] or [°/s] [mm/s?] or [°/s?] [mm/s3] or [°/s3]
Y 2.77E+02 1.38E+03 1.06E+05
A 1.10E+02 1.23E+03 7.67E+04
C 6.76E+01 2.70E+02 2.70E+03
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Time [s]

Figure 6-12 Simultaneous motion trajectory.

An Xsens MTi-630 IMU is firmly attached to the rotary table. Table 6-3 lists the signal noise and bias
estimated when the sensor was at rest. The sampling rate is 400 Hz. Considering the vibration to be
captured is below 50 Hz, a low-pass filter with 100 Hz bandwidth is applied to reduce high-frequency
noise. Other critical sensor specifications about the gyro of the Xsens MTi-630 IMU from the product
manuals are listed in Table 6-4. It should be noted that the gyro biases have to be recompensated for

each of the measurements. Otherwise, significant drifts will occur.

Table 6-3 Estimated signal property of the Xsens MTi-630 IMU.

Sampling rate 400 Hz X Y Z
Gyro Bias [°/s] 1.329E-01 4.537E-02 9.289E-02
RMS noise [°/s] 8.493E-02 7.997E-02 8.274E-02
Accelerometer RMS noise [mm/s?] 8.165 7.291 5.651

Table 6-4 Critical specifications of the gyro from the product datasheet [99].

Scale Factor variation [] | Non-orthogonality [°] | Bias stability [°/s] | G-sensitivity [°/s/G]
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0.5% | 5E-02 | 2E-03 | 1E-03

In order to reduce the impact of random noise, the experiment was repeated 22 times. Statistically, the

RMS noise and ARW of the averaged results become only 21% (1/v22) of the original signal
properties as listed in Table 6-5. The raw measurement data of the IMU is shown in Figure 6-13. The

accelerometer data y 4 contain the gravity component overlapping with body acceleration.

Table 6-5 RMS noise reduction by averaging 22 repeated tests.

X Y Z
Gyro [°/s] 1.674E-02 1.571E-02 1.617E-02
Accelerometer [mm/s?] 1.741 1.554 1.205
Accelerometer y, Gyro ygs
1 F - ‘ 7 100 -
g 0 g 0
X >
-1 . ‘ J -100
1 [ - ‘ 7 200
g 0 \/\/\’mwﬁ— g 0 {m/\—
> >
1t . . J 200 . . J
1 F ' ‘ 7 100 ; '
O ol 12
N WM N
Tt . ‘ 0 -100 . .
0 2 4 6 0 2 4
Time [s] Time [s]

Figure 6-13 Raw measurement from the IMU.

By applying the sensor fusion algorithm introduced in 6.3.2, the raw measurement data is processed as
shown in Figure 6-14. Due to the removal of the gravity component, structural vibration can be clearly

seen in the linear acceleration data.
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Figure 6-14 Estimation result of sensor fusion expressed in global frame.
Figure 6-15 presents the synchronization of the 22 tests. The absolute value of angular velocity derived
from the servo data and IMU data are used for the synchronization (see Section 6.4.1). The residual

only exhibits structural vibration and does not appear to show rigid body motion, indicating successful

synchronization.
Servo dala
Others IMU data of 22 tests| ~ Apsolute value of Angular velocity
100 /
= 0\ \y \/ /I \ e 7
~ 54 N M WM M | e ------ -
0 .
Residuals
2 .
E 1 ) " i - n
2 ool ! M PR
AE
0 1 2 3 4 5 Time [s]

Figure 6-15 Synchronization of 22 tests using the absolute value of angular velocity.
By applying the estimation technique presented in Section 6.4.2, Ry and Rg 7 of each of the 22 tests
were estimated accordingly (see Figure 6-16). Rg/r is more repetitive than R,y because Rg)r
represents the mechanical mounting of the sensor on the table. In contrast, Ry depends on the initial

values of the IMU signals which could be affected by time-varying bias and noise.
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Figure 6-16 Estimation of R;/y and Rg/r expressed by R,(¢)R,(6)R, (1) Euler angles.

v

Then, following Eq. (6.27), structural vibration Rs;y can be reconstructed. Euler angles,

R,(qs)R, (qg)Rz(qw), are used to represent Rs/y where g5 is the principal angle of the structural
deflection, and q4 and gy, are the rotations along the other two orthogonal directions (see Figure 6-11).

The results are shown in Figure 6-17, Figure 6-18, Figure 6-19, and Table 6-6.

gs shown in Figure 6-17 exhibits clear vibration excited by the motion of the Y- and A-axis. However,

low-frequency perturbations with different patterns are observed in all the three angles.
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Figure 6-17 Estimation of Rs/y converted to Euler angles.
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Figure 6-18 Estimated angular velocity g4, 45, and qy.

102

Time [s]



Average

Others 22 tests

200 -

G517
o

-200

dp [*/s?]

200 -
)
0
= !
H-J I
-200 .
\ \ \ I 1 1
0 1 2 3 4 5 6
Time [s]

Figure 6-19 Estimated angular acceleration G4, 45, and qy,.

Angular velocities and acceleration are plotted in Figure 6-18 and Figure 6-19. Due to taking the time

derivatives, structural vibration is much more pronounced in g5 and §s, and low-frequency

perturbation becomes insignificant. Non-repetitive noise is diminished by taking the average of the 22

tests.

Table 6-6 Standard deviation of the 22 tests.

Rs,v(45. 96, 9y) qs (X) qe (Y) qy (Z)
Angle [*] 8.150E-03 8.127E-03 8.000E-03
Angular velocity [*/s] 7.172E-02 1.247E-01 1.497E-01
Angular acceleration [*/s?] | 1.650E+01 2.354E+01 2.732E+01
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IMU #1: the original one
IMU #2: the new one

Figure 6-20 Two IMUs on machine table.

To further investigate the consistency of the measurement, one more IMU is mounted on the table as
shown in Figure 6-20. Complete estimation results of IMU #2 are reported in Appendix B. The averaged
results of IMU #1 and IMU #2 are plotted in Figure 6-21, Figure 6-22, and Figure 6-23.

As shown in Figure 6-21 and Figure 6-22, the measurements of angular velocity and acceleration are
consistent. The RMS error between the two measurements are 0.0474 °/s and 7.3323 °/s?, respectively.
Repetitive vibration is observed in ¢s and g, and the velocity and acceleration along the other two

orthogonal directions (4g, 4y, g, and §y) are consistently close to zero.
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Figure 6-22 Averaged angular acceleration of IMU #1 and IMU #2.
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Figure 6-23 Averaged angles of IMU #1 and IMU #2.

However, the angles g5, qg, and gy, are not consistent between the two measurements. Different

patterns of the low-frequency perturbations can be seen. The following discusses the cause of this

measurement discrepancy.

First, low-frequency perturbations must exist because of the geometric imperfection error of the
machine assembly, such as the linear axis also inducing parasitic rotational and off-axis movements, or
the rotational axis not being perfectly perpendicular to the linear axis. However, even if geometric error
exists, such perturbation behavior should be consistent and independent to the sensors and mounting

locations.

The author found that the scale factor variation of the IMUs could be the problem. Scale factor variation
listed in the product specification in Table 6-4 is 0.5%. According to the results of multiple tests, the
scale factors of the gyros are found to be random and time-varying. Such variation could be around
0.2~0.5%. Hence, for example, assuming the error of scaling factor is 0.2%, and given that the
maximum rotation speed of A-axis is 110 °/s (see the testing trajectory in Figure 6-12 and Table 6-2),
rotation at 110 °/s for one second will lead to 0.22° error (110°/s X 0.2% X 1s = 0.22°). Furthermore,

other sensor errors such as non-orthogonality and G-sensitivity will cause additional errors to the
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measurements. Currently, the discrepancy of the experimental data shown in Figure 6-23 is around *

0.04°. Further reduction is very difficult and impractical because it is beyond the performance of this
type of sensor. Alternatively, considering the cost, choosing higher-accuracy sensors such as fiber optic
gyroscopes is also impractical for this application. Nonetheless, gs and §s can be consistently
estimated, which are still very helpful in the dynamic model estimation presented in the next chapter.
Also, it is acknowledged that it is difficult to verify the accuracy of the reconstructed g5 and G5 by
another referenced instrument, due to the complex experimental trajectory containing both linear and
rotary movements. Nevertheless, it is indirectly verified by the prediction accuracy of the identified

dynamic model presented in the next chapter.

6.6 Conclusion

This chapter presents the use of a low-cost MEMS IMU to capture the machine structural vibration that
cannot be detected by the embedded encoders. The proposed data processing technique first estimates

the mounting orientation Rg,r and inertial frame orientation R/ of the IMU such that the estimated

vibration is independent to the mounting location and the initial orientation of the IMU.

A flexible multi-axis feed drive was built for the experimental validation. This experimental setup
replicates the machine configuration discussed in Section 5.3.2 where significant flexibility is between
the linear drive and the rotary drive. A multi-axis simultaneous trajectory was performed on the

experimental drive. The structural vibration was excited by high acceleration and jerk.

The test was repeated 22 times to eliminate the random noise and drift which is inherent in low-cost
MEMS IMUs. The experimental results show that vibration in velocity and acceleration (g5 and )
can be consistently estimated. However, the estimated vibration angle g is unfortunately corrupted
with inconsistent low-frequency perturbation due to the sensor’s performance limitation. Nonetheless,

gs and g is still helpful in the dynamic model estimation presented in the next chapter.
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Chapter 7
Experimental Results of the Identification Considering Mechanical
Flexibility

7.1 Introduction

In Section 5.3.2, it is found that the case with missing internal structural vibration requires an additional
sensor for the model identification. In Chapter 6, an experimental feed drive with an IMU was built for
this study. In Section 6.5, a multi-axis simultaneous trajectory was tested on the experimental drive. By
incorporating the collected servo data and IMU data, the velocity and acceleration of the structural
vibration (gs and §s) have been reconstructed. In this chapter, the collected servo data as well as the

reconstructed structural vibration will be used to identify the dynamic model derived in Section 5.3.2.

The identification of the open-loop dynamics is presented in Section 7.2. Model simplification was
made due to the lack of accurate measurement of gs. In the next step, the identification of closed-loop
LTO dynamics is presented in in Section 7.3. Lastly in Section 7.4, the identified model was validated

by predicting the responses to external impulse hammer forces.

7.2 Identification of Open-Loop Dynamics

As the identification procedure in Section 4.2.4, the purpose of step 4.1 and 4.2 is to construct the
predicted generalized disturbance d. The parameters of d are obtained by performing the identification
of open-loop dynamics, i.e., Eq. (5.4) and Eq. (5.5). However, qs and q4, (94, = g5 + q4) appear in
these equations. The angle g5 reconstructed in Section 6.5 is unfortunately corrupted by unwanted low-
frequency drift and cannot be directly used for model identification. Only the time derivative terms gg

and {5 are consistent and accurate. The direct use of g5 and q4, is avoided by the following approach.

(1) First, given that g is close to zero, the following approximations are made:

Gscos(qs) = s

qs”sin(gs) = 0 (7.1)
cos(qar) = cos(qa + q5) = cos(qa)

sin(q4,) = sin(q, + q5) = sin(q,)
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(2) —¢ssin(qs) in Eq. (5.5) is the gravity force acting on the connection link. Since qg is small, this
term can be approximated as —@qs and then merged with the linear spring term ksqs in Eq. (5.4).
In other words, ¢ is not required to be identified.

(3) The parameters of the equations of dgs in Eq. (5.5) are 4, u, and the parameters of Uus , and Up ,-
Since these parameters also appear in the equation of d4 and dy, the equations of motion for the
connection link with flexibility can be excluded from the identification.

(4) Regarding Ug,, s U > Up,s and Up Coulomb friction is considered, i.e, up, = Cyd,(gy) and
up , = Cydy (q4), where d,,(gy) and d,,(§,) are the friction models (see Section 3.2). Hence, us,
and ug  are functions of ¢y and §,4. Position-dependent disturbances Up, and Up , are modeled by

a lookup table with linear interpolation (see Section 3.2). Therefore, Up, and up , are functions of
qy and qa-

Implementing the above simplifications, the parameters of d in Eq. (5.5) can be obtained by the

identification of the parameters in the following dynamic equations:

Uy = MyGy + byqy — ugs + .0(51',4/ cos(qa) — da/” Sin(CIA)) Tur, U,
Uy = IgGas + baqa + /1(_‘76 cos(qa) — 45° sin(q4)) + péy cos(qa) + ¥ sin(qa) + ur, tup,

(7.2)

As can be seen, qs and g4, do not appear in the above equation. All the variables are available as
measurements or estimates. Thus, the data collected from the experiment in Section 6.5 was used to
identify the dynamic parameters following the LS-based parameter identification approach illustrated
in Section 3.3. To enhance the data quality for model identification, a velocity threshold is applied to
remove the servo data of which the velocity of the linear and rotary axes are below 2 mm/s and 107 °/s

respectively. The parameter estimates are summarized in Table 7-1.
Table 7-1 The identified dynamic parameters.

my [kg]  plkg-m] p[kg-m] Iy [kg-m*] A [kg-m’]
557E+01 1.18E+01 8.86E-01 1.24E-01  2.57E-01
Y [N-m] Gy [N] by [N/(m/s)] C4[N-m] by[N -m/s]
847E+00 1.99E+01 4.95E+01  2.96E-01  3.63E-02
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The motor force and torque predicted by the identified open-loop dynamic model are shown in Figure
7-1. To demonstrate the necessity of considering the machine flexibility, the prediction of the identified
model has been compared with the prediction of a rigid-body model, where the connection between the
linear and rotary drives were assumed to be infinitely stiff, and thus the G5 and g4 related terms were

neglected:

Uy = MmyQy + bygy + P(éiA cos(qa) — 4a° Sin(QA)) Tup, T Uy,

: v+ . (1.3)
g = LuGia + bada + piiy cos(qa) + P sin(qa) +ur , +up

As seen from Figure 7-1, the oscillatory behavior for the motor force and torque cannot be captured by
the rigid-body model, leading to larger prediction errors as compared in Table 7-2. On the contrary, the

prediction of the proposed flexible model accurately captures the structural vibration.

Table 7-2 RMS prediction error of motor force/torque.

Linear axis uy [N] Tilting axis uy [N-m]
Rigid-body model 8.786 0.1314
Flexible model 2.771 0.1050
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Figure 7-1 Prediction of motor force/torque by the identified open-loop dynamics.
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7.3 MIMO Identification with Nonlinear Coupling

The MIMO LTI models of the closed-loop linear dynamics were developed in Section 5.3.2, where the
Y-axis and A-axis were modeled by a 2x2 Sth-order system and a 3x3 7th-order system, respectively.
The predicted generalized disturbance d is reconstructed with the help of the parameters identified in
Section 7.2. Then, d along with the collected q, u and e are used as training data to identify the MIMO

LTI model by the method of pole search with LS projection, as explained in Section 4.2.3.

Table 7-3 presents the estimated pole locations. p,y P3y, P24, and p3 4 are pre-assigned high-
frequency poles for the velocity and acceleration feedforward control, to realize causal implementations
of the time-derivative. w, 24 and {, 4 are complex pole pairs representing the structural resonance with
low damping ratio. The same frequency was also verified by hammer tests (see Appendix A). The rest
of the poles represent the dynamics from the interaction of the inertia with the decoupled servo feedback

control laws.

It is worth noting that the proposed approach did not directly identify the parameters of the stiffness
and damping of the flexible connection. Instead, they are implicitly expressed by an equivalent complex

pole pair in the MIMO LTI closed-loop dynamic model.

Table 7-3 Estimated pole locations.

. . Search bounds
Estimated pole locations Min. Max.
p1y [Hz] 17.1 1 100
Linear Wnyy [Hz] 13.0 1 100
Y-axis Coy [l 0.628 0.1 1.5
P2y & psy [Hz] | 1200, 1200 Pre-assigned
P14 [HZ] 33.6 1 100
Wy, , [HZ] 7.84 1 100
Tilting (1,4 0.884 0.1 1.5
A-axis Wny y [Hz] 19.5 10 50
$oall 0.0538 0.01 0.7
P24 & P34 [Hz] | 1200,1200 Pre-assigned
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Figure 7-2 Simulation of tracking error and motor force/torque.
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The model of the control system as Figure 5-13 can be assembled by integrating the identified MIMO
LTI model of the closed-loop linear dynamics, with the generalized disturbance which captures all of
the remainder open-loop nonlinear effects. Using this model, the simulation predictions for the servo
error and motor actuation commands, in response to the trajectory used in the identification experiment,
were obtained as shown in Figure 7-2 and Figure 7-3. The accuracy of the prediction is designated in

Table 7-4, where the normalized RMS prediction errors are only 2~6%.

Table 7-4 Error of prediction.

Y-Axis A-Axis
Tracking error | Motor force Tracking error Motor torque
ey [mm] uy [N] eq [] uy [N'm]
RMS error 1.339E-03 2.106E+00 1.193E-03 9.874E-02
Normalized RMS error | 6.19% 3.89% 4.19% 2.03%

Normalized RMS error = RMS error + RMS magnitude
In Figure 7-2, in Zone A and Zone B, the Y-axis is moving at constant velocity while the velocity of

A-axis is varying. Acceleration of the A-axis causes considerable vibratory tracking error in the Y-axis.
Thus, the model identified purely with CNC and IMU signals is able to accurately predict such inter-
axis vibratory coupling. In Zone C, the A-axis is gradually moving from 72° to 0°. The tracking error
of the A-axis induced by the back-and-forth motion of the Y-axis is growing accordingly. Such a
posture-dependent effect is also accurately captured with the model identified according to the proposed

method.

Error of simulation

45 [°/s]

g5 1[°]

Time [s]

Figure 7-3 Simulation of vibration velocity and angle (¢ and qg).

The structural vibration variables g5 and g5 are also simulated, as shown in Figure 7-3. However, large
simulation error is found in g5 due to measurement limitations of the IMU, as already discussed in
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Section 6.5. Also, as discussed earlier, an accurate model can still be identified, which adequately
replicates the observed behavior (in terms of tracking errors and motor actuation command) from all of

the servo channels.

To ensure that the identified model is accurate and not overfitting, the identified model is validated by
another trajectory. The results are reported in Appendix C. The average of the normalized RMS error
becomes 5.54%, which is only slightly higher the original one (4.08%). Overall, such accuracy in the

validation is still well accepted for the application of process planning and monitoring.

7.4 Dynamic Modelling Considering External Force

Q:

External force Generalized disturbance d(q.4q.q)
Il . ]
Kinematic dy 5th ::(;Zr ey I
Transformation d ary | oy sys. |UY
da| Aaxis | °A. [
ar ds | 7th order | Ua =
= Gra | 3x3 sys. | g5 d5

MIMO LTI closed-loop dynamics

—_——
0 Q.

oo
A

Figure 7-4 Dynamic model considering external force.

The physics-based model identified in Section 7.3, can also be applied to predict the response to
external forces. This is done by considering the kinematic transformation [4] as shown in Figure 7-4.
In the context of machine tools, the external force can refer to the cutting (or other process) forces. To
validate such modeling, an external force has been injected by an impulse hammer, by hitting the left

side and right side of the table at 32" and 73" tilting angles, respectively. The measured and simulated

servo responses are shown in Figure 7-5. As a posture-dependent dynamic system, the vibratory
responses are different, depending on the excitation locations and A-axis tilt angles. As can be seen,
such behavior can be accurately simulated. This validation reveals that even only using the excitation
of time-domain trajectory, a dynamic model for predicting the responses to both trajectory commands,

and also external disturbance forces, can be successfully identified.
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Figure 7-5 Dynamic Simulation considering external force.
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7.5 Conclusion

In this chapter, the dynamic model proposed in Section 5.3.2 is validated. Since the measurements of
qs and q4 by the IMU are not accurate, the identification of open-loop dynamics is simplified to avoid
using such data. The parameters of generalized disturbance d can still be obtained from the simplified
model. The prediction results show that the vibratory behavior observed in motor force/torque is

captured by the open-loop dynamic model considering the structural flexibility.

Then, the proposed MIMO LTI model is identified and validated. The identified MIMO LTI closed-
loop dynamic model integrated with the generalized disturbance is able to accurately simulate the
tracking error and motor force/torque induced by inter-axis vibratory coupling effect and posture-
dependent effect, where the normalized RMS prediction errors are only 2~6%. Such simulation
accuracy is well accepted for the application of process planning and monitoring. Lastly, the hammer
test on the experimental feed drive reveals that the model identified by time-domain trajectory is also

able to predict the responses to external forces.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions and Contributions

This thesis has studied new modeling and identification techniques targeting high-speed multi-axis
machine tools. The resulting techniques can be successfully applied for process simulation,
optimization, and monitoring. The main conclusions and contributions of this thesis are summarized as

follows:

As the first main contribution, a new modeling and identification technique has been proposed in

Chapter 4. The model can capture a wide range of dynamic effects, such as inter-axis coupling effects,
the influences of actuator force/torque ripples and nonlinear friction, and feedforward/feedback control
dynamics. In earlier proposed top-down identification approaches, the modeling was confined to single-
axis (decoupled) motion systems. In this thesis, by integrating multi-rigid-body dynamics into the

model, multi-axis (coupled) motion control systems can also be modeled from in-situ data.

The proposed method decouples the closed-loop linear dynamics from the open-loop nonlinear
dynamics, and also strikes a good compromise between computational load (for parameter estimation)
and model accuracy, by searching only for the independent parameters that cannot be solved directly
with LS estimation, and directly solving all other dependent parameters for each candidate set of
independent parameters, using LS. Although the searched independent parameters rely on global
optimization of which the solution may be non-unique, a model that yields sufficiently accurate

predictions is still obtained, which is beneficial for industrial application.

This proposed method was validated using an industrial 5-axis laser drilling machine. The model was
estimated by the servo data collected during the production, causing minimum machine downtime.
Such an approach is in-line with the principles of Industry 4.0. The estimated model achieved 2.38%
RMS error in predicting the servo errors and motor torques. Another experimental validation was
performed using an in-house feed drive system, with linear and tilting motion. Since the model was
built by a physics-based approach, the disturbances from each mechanical factor and their resulting
servo error can be respectively predicted and evaluated. Such analysis provides insights into the

machine and the process, facilitating machine trouble shooting and process optimization.
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The second main contribution, presented in Chapter 5 through Chapter 7, is the extension of the method
in Chapter 4 to also identify structural flexibility, which is a crucial characteristic of large-sized high-
speed machine tools. In Chapter 5, the interaction possibilities of a flexible linear drive coupled with a
rotary drive are systematically analyzed. It is found that in the case where there is significant mechanical
flexibility in the attachment between the linear and rotary drives, an additional motion sensor capturing

the internal vibration between the feed drives is required for the model identification.

The above requirement is fulfilled in Chapter 6, with the estimation of the relative vibration by fusing
signals from a MEMS IMU, as well as servo measurements from the axis encoders. The proposed data
processing technique first synchronizes these independent data sets, estimates the orientation of the
IMU, calibrates the mounting orientation, and finally extracts the structural vibration between the two
feed drives. To the best knowledge of the author, this is among the first studies in the literature where
an IMU is used to measure and identify the multibody and vibratory dynamics in a machine tool

application.

An experimental feed drive with significant mechanical flexibility was built to validate the proposed
dynamic model, measurement, and sensor fusion concept. The experiment shows that the angular
velocity and acceleration of the vibration can be consistently estimated. The RMS error between
measurements from two different IMUs are 0.0474 °/s and 7.33 °/s? respectively. The vibration angle
however cannot be successfully reconstructed, due to the geometric assembly error and the performance
limitation of the MEMS IMU. Nonetheless, the estimated velocity and acceleration of the vibration is
still very helpful for estimating the overall multibody motion control system model with inherent

mechanical flexibility.

Finally, in Chapter 7, the proposed identification method, utilizing the IMU data, is experimentally
validated. Also, judicious simplification to the dynamic model helps circumvent the need to explicitly
estimate and use the deflection angle data. As a result, the dynamic tracking error and motor
force/torque could be predicted, by the identified ‘digital twin’, with 2-6% normalized RMS prediction
error. This model, estimated only from a short packet of practical data, successfully considers multiple
effects, such as vibratory inter-axis coupling, posture-dependent dynamics, as well as the experimental
setup’s own disturbances (like friction, cable spring-back and torque ripples). The achieved prediction

accuracy is well-acceptable for machining process planning, optimization, and monitoring in industry.
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8.2 Future Work

Ideas for future improvements to this work are proposed in the following:

(a) Validation using non-symmetrical inertia for the rotary axis, and later on large-sized

industrial 5-axis machine tools

The proposed modeling and identification for multi-axis flexible drives was validated in this thesis
using the lab’s experimental setup, a tilt-rotary drive stacked on top of a linear drive. The rotary axis,
while contributing to a third degree-of-freedom trajectory and the IMU signal processing, due to its
symmetrical nature, had not contributed to dynamic coupling with the tilt and the translating axes. A
first step of future research could be to study the configuration where the rotary axis is also coupled

with the tilt and linear axes, presumably by including a non-symmetrical inertia attachment.

Afterwards, the overall methodology should be further extended and validated on a large-sized
industrial 5-axis machines tool. In such situation, at least two IMUs are required, one at the workpiece
side and the other at the tool side. By installing the IMUs at both sides, their relative motion can be

captured.
(b) Investigation of the measurement error of IMUs

The angular measurement by IMUs presented in Chapter 6 exhibits undesirable low-frequency drift.
Part of the reasons could be the measurement error of the IMUs used during the experiment (although
significant care has been taken to select high quality IMUs at a reasonable price point). There are plenty
of commercial MEMS IMUs on the market. Some of them claim better measurement accuracy. It is
given that different designs of the MEMS result in different signal responses and sensitivities. Thus, it
is worth testing other MEMS IMUs with claimed better measurement accuracy, to reduce the

measurement error that originate from the sensors.
(¢) Measurement of the geometric error by IMUs

As seen in the measurements in Chapter 6, the IMU also captures geometric errors of the machine

assembly, which is beyond the scope of this thesis research. Geometric errors could be identified by

further tests. For example, Vogl et al. [95] used an IMU to inspect the angular pitch error of a ball screw

drive. Other geometric errors, such as squareness and straightness, could also be identified by different

measurement strategies. In summary, if the dynamic error as well as the geometric error can both be

identified by affordable MEMS IMUs in practical ways, this would be extremely beneficial in terms of
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identifying further realistic machine tools digital twins, which not only predict the dynamic responses,
but also volumetric positioning errors, and the influence of such errors on the dynamics (e.g., in exciting

further vibrations) during high traverse rates.
(d) Vibration reconstruction for multiple flexible joints

The proposed vibration reconstruction method presented in Chapter 6 uses one IMU to reconstruct the
motion of one internal flexible joint around one rotation axis (gs, per Figure 6-11). First extension
would target reconstructing simultaneous vibrations around multiple axes (e.g., by also inducing
flexibilities around gg and qy, axes). Then, further research should focus on reconstructing the motion
of ‘multiple’ internal flexible joints, for example, configured in a structure that connects multiple
actuators and links. For such cases, multiple IMUs would be expected to be used on the links, with
assumed dominantly rigid characteristics. This would also enable the extension of the proposed

methodology to model identification for robots with multiple mechanical flexibilities.
(e) Monitoring of high-speed 5-axis machining process

The model built in this thesis can predict dynamic responses to trajectory commands and external
(presumably cutting) forces. It offers a highly effective and versatile foundation of developing cutting
force monitoring algorithms for high-speed 5-axis machining process. The inter-axis dynamic coupling
effect and the dynamic responses to the external disturbances (i.e., cutting forces) can be both captured

and predicted, allowing for tool tip forces to be reconstructed from limited and practical sensor data.
(f) Integration with S-axis trajectory planning

5-axis trajectory planning is an under-determined problem. Various toolpath planning strategies can be
chosen. On the other hand, 5-axis machine dynamics is coupled and posture-dependent, i.e., the motion
of one axis can possibly induce tracking errors in another axis. With the aid of a dynamic model,
obtained via the proposed method, such complex interactions can be simulated or predicted, enabling

more optimal 5-axis trajectory planning.
(g) Posture dependency of linear axes

The proposed dynamic model can capture posture dependency of rotary axes. However, the posture
dependency of linear axes is not discussed in this thesis. This could be achieved by building a more
sophisticated multibody dynamic model as, for example as achieved by Huynh and Altintas (Figure 5-3

[115]), where multiple flexible joints are used to connect bodies along different directions.
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(h) Model identification using both command trajectory and disturbance force input

So far in this thesis, the command trajectory has been the primary excitation source for the model
identification, while an instrumented impact force hammer was used for the model validation (as shown
in Section 7.4). To further improve the accuracy of the model identification, the command trajectory
and an external disturbance force can be used together as the excitation sources [123]. Of course, safety
considerations must still be kept in mind, e.g., impact hammer testing on a rapidly moving structure
may not be practical or safe. However, a separate mount-on actuator, such as a small shaker or linear

motor, with known inertia characteristics can be used for such a purpose.
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Appendix A
Experimental Setup for the Study of Multi-Axis Flexible Drives

Introduction

To model the dynamics of high-speed 5-axis machine tools, multibody dynamics and vibratory
dynamics should both be taken into account. Theoretical investigation on this topic was carried out in
Chapter 5. A critical finding from Section 5.3.2 is that if there is significant mechanical flexibility
between a linear drive and a rotary drive, then model identification requires not only the servo data

from CNC, but also an extra motion sensor to capture the vibration between the linear and rotary drives.
To further investigate this particular case, an experimental feed drive with similar configuration was

built. This appendix details the design and verification of this experimental feed drive.

Designing the Experimental Setup

7’

. C Tilting axis
( S &

,;’-. N

(a) Real setup. (b) CAD model.
Figure A-1 In-house linear-tilt-rotary feed drive.
A linear-trunnion feed drive that was available in the lab is shown in Figure A-1. Since all the axes are
driven by direct drive motors, and the machine fame supporting the trunnion is well designed, the system
is considered rigid. To create vibratory mode similar to the case shown in Section 5.3.2, a flexure should

be made to connect the linear axis and the tilting axis to introduce mechanical flexibility.
Several design considerations are listed below.

® A bending mode can be excited by both the linear & tilting axis.
®  The natural frequency should be around 30~50 Hz, similar to the characteristics of a medium or

large-sized industrial machine tool.
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®  The setup should be safe to use. Safety factor is specified to be at least 10 when subject to 1 G
linear acceleration.

®  The flexure should be reconfigurable for other research applications.

R

(a) (b)
Figure A-2 Candidate flexure designs.

Taking the above considerations into account, three concept design candidates (see Figure A-2) were
proposed. The candidate (c) was chosen due to the convenience of fabrication. Essentially, this flexure
is composed of three parts, one plate on the top and two I-beams at the bottom. The plate is connected
to the trunnion base frame. The two I-beams are connected to the linear table. Hence, if the value of

natural frequency needs to be adjusted, only the I-beams need to be replaced.

(a) Full assembly (b) Flexure

Figure A-3 Finalized flexure design.

Figure A-3 is the final design of the flexure. Finite element (FE) analysis was performed using ANSY'S
Workbench. The geometric parameters of the design are iteratively adjusted according to the result of
FE simulation. The FE model of the feed drives is shown in Figure A-4 (a). Some details about building

the FE model are described as follows.
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(b) Guide and rail connection by spring
(a) The entire FE model. elements.
Figure A-4 FE model of the feed drive.

(1) To save the computational cost, the CAD model is simplified by removing small and trivial
geometric features. If possible, hexahedral mesh is applied.

(2) By performing a simple back and forth motion experiment on the linear axis, the total mass of the
linear table and the entire trunnion unit is identified as 62.2 kg. According to the CAD model, the
total mass of the same moving components is 62.5 kg, which is very closed to the identified value.
This indicates high confidence in the fidelity of the mass matrix of the model.

(3) Interfaces such as linear guideways and the air bearing for supporting the tilting axes are modelled
by a series of spring elements. As shown in Figure A-4 (b), each coordinate represents one spring
element. The equivalent stiffness parameters are set according to the product specifications.

F: Statfe Structural

Equivalent Stress 3

Type: Equivalent fvon-Mises) Stress
Unit: MPs

Tirme: 1

15158 Max
13475
11.702
1011

84269
67442
50614
33787
1636
0.013231 Min

Figure A-5 Stress concentration around the I-beam when subject to 1G linear acceleration.

When subject to 1 G static linear acceleration while the linear motor is constrained, the simulated

maximum stress is 15 MPa (see Figure A-5). The material of the I-beams is aluminum alloy 6061-T6
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of which the yielding stress is 240MPa. Hence, the safety factor under this extreme case is 16, which is

sufficiently high in a common engineering sense.

Validation

£

Figure A-6 Experimental feed drive.

The primary bending mode
With motor constraint No constraint

Lateral mode

Mode shape
Simulated / actual 23.8 /20 [Hz] 39.5/34.6 [Hz] 81.5 /75 [Hz]
natural frequency
Simulation error 13% 14% 8%

Figure A-7 FEA simulation result of the bending mode.

Figure A-6 is the final assembly of the flexure. The I-beams were made by pocketing solid aluminum
blocks. Tap testing was conducted to verify the actual natural frequencies. The simulated and actual

natural frequencies of the feed drives are shown in Figure A-7. The simulation errors are 8~14%, which
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are accurate considering such a complex system. All the measured frequencies are slightly lower than

the simulated frequencies, probably because some of interface compliance were overestimated.

The natural frequency of the primary bending mode without motor constraint is 34.6 Hz, which is a
reasonable value for large industrial machine tools. The lateral bending mode (75 Hz) is not likely to
be excited by the trajectory input since it is higher than a typical servo control bandwidth. Therefore,

the experiments on this setup can only focus on the primary bending mode.
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Appendix B
Estimation Results of IMU #2

Table B-1 Signal property of IMU #2.

X Y Z
Gyro Bias [°/s] -6.855E-02 3.738E-02 6.225E-02
RMS noise [°/s] 1.663E-01 9.148E-02 8.925E-02
Accelerometer RMS noise [mm/s?] 8.647 7.331 6.408
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Figure B-1 Estimation of Ry and R/ expressed by R,(¢)R, (6)R, () Euler angles.
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Figure B-2 Estimation of R,y represented with Rx(q¢)Ry (q,;)Rz(q,l,) Euler angles.
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Figure B-3 Estimated angular velocity 4, 45, and qy.
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Figure B-4 Estimated angular acceleration g4, 45, and qy,.
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Appendix C

Validation of the identified model

In Section 7.3, the dynamic model of the experimental feed drive was identified using the trajectory in
the experiment in Section 6.5. To ensure that the identified model is accurate and not overfitting, the
identified model was also validated by another trajectory, as shown in Figure C-1, where the kinematic

limits are listed in Table C-1. The results of the simulation and experiment are compared in Figure C-
1 and Table C-2.

Inter-axis vibratory coupling effect and posture-dependent effect are again induced by the validation
trajectory due to the multi-axis simultaneous trajectory with high acceleration and jerk values. The
simulation still accurately predicts the tracking error and motor force/current. The RMS error of

simulation listed in Table C-2. The averaged normalized simulation error is 5.54%.

Table C-1 Kinematic limits of the trajectory for validation.

Speed Acceleration Jerk
[mm/s] or [°/s] [mm/s?] or [°/s?] [mm/s3] or [°/s3]
Y 2.85E+02 1.60E+03 9.03E+04
A 1.87E+02 2.34E+03 1.17E+05
Table C-2 RMS error of simulation for validation.
Y-Axis A-Axis
Tracking error | Motor force Tracking error Motor torque
ey [mm] uy [N] eq [] uy [N-m]
RMS error 2.248E-03 4.775E+00 3.630E-03 1.671E-01
Normalized RMS error | 5.52% 6.63% 6.00% 4.02%

Normalized RMS error = RMS error + RMS magnitude
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Figure C-1 Measurement and simulation results for validation.
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