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ABSTRACT

Compared with the conventional fuel-consumption vehicle, electric vehicle does much
better in controllability, regarding more accurate controlling of torque or rotation speed
and more rapid response. The characteristic of rapid torque response will bring step motor
torque output approximately when the drive tip in/out, because there exist torsional elastic
damping parts such as tires and drive shaft in the drivetrain, moreover, there exists no
flywheel to save the energy and buffer jerking, and then longitudinal vibration of vehicle
that more sensitive to human will be introduced. In this thesis, by taking advantage of the
excellent controllability of electric vehicle, active damping control of torsional vibration
in vehicle drivetrain is researched, motor torque control in active damping for drivetrain
torsional vibration is realized based on parameters intelligent estimation and motion state
observation for the drivetrain. Improvement of electric vehicle drivability is realized
focusing on driver’s tipping in/out and unloading motor torque before shifting. The main

content of the thesis is as follows.

Based on the drivetrain of electric drive logistics vehicle with two speeds automated
manual transmission, multibody dynamic model of electric drivetrain is established, by
Fourier transforming the multi-body dynamic model, frequency response function matrix
of the system is obtained and frequency response analysis of the electric driving system
can be carried on, and then natural frequencies, mode shapes and resonance

characteristics of the drivetrain system can be revealed.

In order to solve this problem nonlinear particle filter-based intelligent parameter
estimation method is proposed in this thesis. As a critical parameter in dynamic control
of powertrain, vehicle mass varies continuously in a wide range and large magnitude
during operation, it is one of the most significant variables in control law constituting, but
vehicle mass is difficult to be measured automatically in real-time. The particle filter is
recursive filter based on Monte Carlo algorithm, using the processes of importance
sampling and resampling and according to motor torque output and motion states of

drivetrain, parameter estimation of vehicle mass can be realized. Besides, this vehicle

xil



mass intelligent estimation method is robust and statistical characteristics of disturbances

and uncertainties in the powertrain system is unnecessary to be known.

In this thesis accelerated adaptive second order super-twisting sliding mode observer
(SMO) is proposed, it can remarkably attenuate “chattering”, the inherent drawback of
sliding mode (SM) variable structure algorithm, and estimation error convergence is
accelerated to a large extent by introducing of the “system damping”. Motion states are
also necessary in the control law designing for the drivetrain system, aiming to get the
state variables of the drivetrain that are not measured directly, Based on the proposed
novel sliding mode observer, torque accumulated in the drive shaft is observed to provide
information for selection of appropriate shifting time, so that torsional vibration and
jerking in drivetrain caused by sudden releasing of torque accumulated in the drive shaft
after shifting is avoided, meanwhile, it also provides state information for the active

control algorithm in the following content.

Based on the parameter estimation and state observation of the drivetrain, quantum
genetics optimization and Linear Quadratic Gaussian joint algorithm is proposed to
design the optimal control law to actively damp torsional vibration in drivetrain.
According to the multi-feedbacks of the current motion states of drivetrain, optimal motor
torque output command is calculated to compensate motion oscillations of drivetrain. The
quantum genetic optimization unit utilizes qubits to replace binary encoding and quantum
transformation is realized from quantum rotating gates so that the parameter in Linear
Quadratic Gaussian to be optimized is searched faster to minimize the fitness function.
By optimization of the parameter in Linear Quadratic Gaussian controller, more authentic
and objective optimization of the controller performance is realized than the controller
with subjective parameter selection from designer. Meanwhile, it will not increase the

complexity and computational power consumption of the control law.

Rapid prototyping experiment, test rig experiment and real vehicle experiment are carried
on focusing on parameter estimation, state observation and torsional vibration damping

control to test the performances of the proposed algorithms in this thesis.
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Chapter 1: Introduction

CHAPTER 1: INTRODUCTION

1.1 Overview of the Project

Permanent magnet synchronous motor (PMSM) has many advantages, such as smaller
size, lighter weight, higher efficiency, and can provide large torque at low speed. Many
automobile manufacturers all over the world select PMSM to drive Electric Vehicles (EV).
Using motor instead of traditional internal combustion engine brings better control
performance regarding shorter response time and more accurate target tracking in torque
or speed command. Although domestic and international researchers have carried out
extensive researches on motor active control method to improve the power performance
of the electric driving system, research on commercial electric vehicles equipped with
Automated Manual Transmission (AMT) is not enough. Because of the requirements of
Chinese domestic condition, research on this type of vehicle is mainly completed by
domestic researchers. There is still much space of improvement in terms of software,

structure and configuration designing.

. { \
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Figure 1.1 Condition of Part of Beijing Traffic at A Certain Time

(a) As for the part of system configuration, the structure of centralized drive electric drive
system 1is still direct rigid connection between motor and transmission. For urban
operation conditions, there are usually hundreds of meters of traffic jams caused by

signal lights or large traffic flow as shown in Figure 1.1. Because of quick response
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of the PMSM and there is no flywheel or clutch to buffer and saving energy, on the
other hand, low-frequency excitation from periodic rotary low running speed of the
motor may probably get close to resonance frequency of the drivetrain, such
resonance is inherent and inevitable, so it is necessary to equip a damper to attenuate

the torsional vibration as a passive method.

(b) As for the control algorithm, in the references about control algorithms of electric
vehicle powertrains all over the world, most of them need to know information on
load or other parameters in the powertrains, which is the base of state observation and
top-level control algorithms. However, most researchers usually choose fixed
parameters to participate in the calculation. These parameters may be measured or
derived from experience, which will affect the accuracy of state observation and

control execution.

Taking the vehicle mass as an example, the vehicle mass is almost the largest physical
parameter in magnitude in the drivetrain system, and also one of the most important
and indispensable parameters for calculating the load of the drivetrain system,
designing energy management strategy and optimizing the shifting scheme. Vehicle
mass is usually used to calculate the load or resistance of the drivetrain system
(resistance change caused by the change of slope and rolling resistance in urban
operation can usually be equivalent to increasing or decreasing of the mass on the
horizontal road surface), therefore, it is unreasonable to set the vehicle mass constant
and it is significant to estimate the vehicle mass on-line in real time [1,2]. At present,
Kalman Filter (KF) method and Recursive Least Squares (RLS) method are still the
main methods to estimate vehicle quality. However, Kalman filtering algorithm needs
to know the statistical characteristics of noise, and recursive least square is sensitive
to outliers, and calculation is unstable. Therefore, it is necessary to find better

parameter estimation methods to avoid these defections.

At present, there are many studies in the literature about controlling the torque

unloading of motor dynamically instead of detaching the clutch to interrupt power
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input to the transmission for shifting. The purpose of this operation is to reduce the
transmitted torque between the meshed gears to zero so that the engaged synchronizer
sleeve can be successfully removed from the current gear. However, during vehicle
drivetrain system working, due to the co-operation of the positive torque from motor
and the reverse resistance torque from the load, elastic potential energy will be
accumulated in the elastic components of the drivetrain system. Therefore, the torque
transmitted between the gears in the transmission may not be zero actually after power
unloading from the motor, and it will suddenly be released, and bring additional
torsional vibration or impact to the drivetrain system [3]. Therefore, it is necessary to

introduce a nonlinear state observer to solve this problem.

The state observer is required to occupy less computational resources, simple
computing formula, more accurate target tracking performance and fast response. In
order to solve such problems better, it is necessary to optimize the widely used
observation theory to take advantages and avoid disadvantages according to the
requirements of EV powertrain, not only to realize the electric vehicle. The estimation
of the drive shaft torque also needs to improve the control performance of the driving
motor. Although it is difficult to eliminate the observation error in the initial stage
with less computational effort, the convergence of the accelerated observer error will

also play a positive role in the improvement of the problem.

Besides, as for the upper-layer active control of EV drivability, the parameters of the
controller are still selected subjectively or experimentally by designer, and the
obtained optimal control law is not necessarily "optimal" actually, so it is better to
introduce optimizing process in parameters selection or introduce objective parameter

selection method to improve the algorithm performance.

This research relies on the project “study on optimization of powertrain system of full
electric logistics vehicle” co-operated by Beijing Electric Vehicle Co., LTD and Beijing
collaborative innovation center for electric vehicles and is supported financially by

National Natural Science Foundation of China “Research on Novel Configuration and
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Multidimensional Optimal Control Theory for Distributed Electrical Vehicle” (grant
number: 51575044) and National Key R&D Program of China “Key Technologies and
Applications of High-Performance Electric Bus Powertrains” (grant number:
2017YFB0103801). The main content of this thesis is proposing a novel active damping
control algorithm with intelligent optimization unit for torsional oscillations in electric
vehicle drivetrain based on model of motor-transmission with 2 speeds integrated electric
logistics vehicle. During the process of execution, nonlinear parameter estimation based
on particle filter and observation error accelerated-convergent adaptive second order
super twisting sliding mode observer are proposed, so that the necessary information for

drivetrain torsional oscillation active damping is provided.

1.2 Research Objectives and Contributions to Knowledge

The specific objectives and contributions are given as follows:

(1) An intelligent parameter estimation method for vehicle mass based on non-linear
Particle Filter (PF) is proposed. The most remarkable advantage of this algorithm is
that it is not necessary to know the statistical characteristics of measurement noise or
uncertainties from the powertrain system, and also compatible to non-linear model

with complex and stochastic working conditions.

(2) An error-accelerate-convergent adaptive second-order super twisting sliding mode
observer algorithm is proposed, and the mathematical proof for convergence and
stability is given. This algorithm can effectively reduce "chattering", the inherent
problem of sliding mode variable structure algorithm, and can remarkably increase
the convergence speed of observation errors, so that the observer has better tracking

performance and accuracy.

(3) Based on the proposed observer above, torque observer for the drive shaft is designed,
which avoids torsional vibration or impact to the drivetrain caused by the sudden
release of excessive elastic potential energy accumulated in the drive shaft when
shifting. Moreover, it also provides state information of drivetrain for the torsional
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vibration active controller.

(4) Ajoint optimal control algorithm based on linear quadratic gauss and quantum genetic
optimization is proposed for torsional vibration of EV drivetrain. By introducing
quantum computation into the optimization process, the speed of parameter
optimization is much improved. The linear-quadratic Gauss controller uses the multi-
feedback information of the drivetrain motion state to calculate the optimal torque
control law for the motor, which actively damps torsional oscillations in the drivetrain

during motor unloading and driver’s tipping in/out.

1.3 Presentation and Structure of the Thesis

The main content in the thesis are listed as follows:

Chapter 1:  Background and main contributions of the thesis are introduced.

Chapter 2: Based on the motor-transmission of 2 speeds integrated electric logistics
vehicle powertrain, mathematical model for algorithms research is established, and
torsional vibration response characteristics of this model are analyzed, so that necessity
of equipping torsional damper is discussed further. This drivetrain model provides the
basis for parameter estimation, state observation and active damping control algorithm in

the later chapters.

Chapter 3: Based on the discrete vehicle longitudinal dynamic equation after forward
Euler approximation, nonlinear particle filter is introduced to estimate the vehicle mass
intelligently, and it gains a competitive advantage that statistical characteristics of noise

and uncertainties in the system are not necessary to be known or supposed in advance.

Chapter 4:  According to the motion state of the powertrain, algorithm using multiple
feedback from motion state of drivetrain to active damp torsional oscillation in EV
drivetrain is proposed. By introducing the Quantum Genetic Algorithm (QGA) to
simulate the rule of survival of the fittest in biological evolution to search for the optimal
parameters in the active damping controller, searching speed is much improved because

5
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quantum characteristics of the superposition, entanglement and interference can enable a
chromosome to express the superposition of multiple states and evolve parallelly using

quantum logic gate.

Chapter 5:  Experiments are carried out to test the proposed theories. For the vehicle
mass parameter estimation based on nonlinear particle filter is tested by real vehicle (bus),
for the torque in drive shaft observation based on novel sliding mode observer is tested
on a test rig with real vehicle, for the active damping control of torsional oscillation in
drivetrain with quantum optimization is tested by Rapid Control Prototype built on Micro

AutoBox and dSPACE Simulator.
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Figure 1.2 Organization of the Thesis

Relevance and structure of all parts of the thesis are organized as in Figure 1.2.
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1.4 Background and Literature Review

1.4.1 Background of Research

Climate changing has already been a worldwide problem for a long time and it attracts
attention widely. Governments have realized the transition from traditional consumption
and fossil-fuels-dependent to the green and sustainable renewable energy is one of the
effective ways to alleviate the problem. This kind of energy transformation is particularly
necessary for transportation industry. Due to air pollution, government control, social
concerns and rapid development of technology, non-liquid fuels including electric energy
and natural gas will become increasingly important in the next decade. Moreover, air
pollution, traffic jams and noise pollution caused by gasoline or diesel-powered private
cars have been plagued for many years. According to the agreement made at the United
Nations Climate Conference (COP21) in Paris in 2015, many countries have announced
the goal of phasing out internal combustion engines. The European Commission has
established new carbon dioxide emission standards in November 2017 as the industry
standard for clean automotive [4]. During the past decade, development and promotion
of various types of electric vehicles grew up rapidly and are witnessed widely. A report
from CNN revealed that many companies including India, France, Britain and Norway
are trying to replace gasoline and diesel cars with cleaner productions. In Germany,
Angela Dorothy Merkel also hinted that in the near future, more modern cars will be
introduced throughout the country. In addition, at least eight other countries have also set
a sales target for electric vehicles: the UK announced that they will ban the sale of
gasoline and diesel vehicles in 2040 to improve the country's air quality and achieve zero
emissions on the road by 2050; the French government also announced that they will end
the sale of gasoline and diesel vehicles by 2040 to combat global warming, when
automotive producers will only be allowed to sell electric or other clean energy-driven
vehicles, including hybrid-drive vehicles; the Indian government announced that by 2030,
all the automotive sold in the country will be electrically driven, and act as an example

among the world's polluted countries by policy formulation; and the Norwegian
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government’s transportation plan aims to achieve a zero-emission for all passenger
vehicles by 2025 [5]. Relevant news from the South China Morning Post [6] reported that
174 of the 1022 models exhibited at the 2008 Beijing International Automobile Exhibition
are new energy vehicles, of which 124 are produced by Chinese companies. Last year,
there were 777,000 electric vehicles sold in China with increase of 53% over 2016, as
shown in Table 1.1 obviously that China is the world's largest market with no doubt. Since
most of the electric vehicles sold in China are produced by domestic manufacturers, cost
of manufacturing, transportation and sales can be reduced, together with the advantageous

regulation and subsidy policies from government will make electric vehicles more

competitive.
Table 1.1 New Energy Vehicle Sales
China the US Global
2015 331100 116000 540000
2016 507000 160000 773600
2017 777000 199000 1223600
2018 (early) 1000000 400000 1800000
M Europe MUS. M China MJapan M SouthK Rest of World
60M EVs
per year
50
40
30
20
10
0
2015 2020 2025 2030 2035 2040

Figure 1.3 Electric Vehicle Sales Forecast in Major Countries of the World

China is also the country with the largest popularity of electric vehicles in the world, and

is expected to account for half of the world's EV sales in the next seven years. In 2017,
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six cities in China achieved one-fifth of the sales of electric vehicles due to the strict
policy of purchasing and fuel vehicles limitation. It is estimated that by 2025, the sales of
electric vehicles worldwide will increase tenfold to 11 million. According to Bloomberg's
2018 Electric Vehicle Outlook Report, electric vehicles in China will reach 19% of
passenger vehicle sales, 14% in Europe and 11% in the US. It is obvious to observe from
Figure 1.3 that China is leading a green transportation revolution represented by the

development of EV in the world [7,8].

The conversion to electric driving system is one of the core contents of EV research and
development. The transition from fuel-electric hybrid driven type in medium term to fully
electric driven or fuel cell type in a long run is a widely recognized route [9]. At present,
electric vehicles sold on market is using motor-single speed transmission or direct driving
system as the mainstream powertrain configuration. In fact, this configuration does
overcome many defects of the transmission with conventional internal combustion engine,
such as no torque output at 0 rpm and narrow speed tuning range, especially during high
power output. However, the direct driving or single speed scheme does not make the
overall performance and economy of the vehicle outstanding. This configuration also
imposes very high requirements on the torque output characteristics and power density of
the motor, it not only greatly increases the producing cost but also increase weight and
volume of the motor; moreover, vehicle dynamic performances such as axle load

distribution are influenced a lot due to the large motor.

Figure 1.4 Typical Centralized Driven Electric Vehicle Powertrain Layout

Single motor direct driving, motor-transmission integrated configuration and dual motor
coupling powertrain are typical forms of centralized drive schemes [10]. As can be seen

9
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from Figure 1.4, the centralized driven electric vehicle is closer to the traditional internal
combustion engine vehicle transmission system and has more advantages: the bulky and
heavy internal combustion engine is replaced by a smaller and more controllable motor;
the conventional flywheel and clutch are also eliminated because the PMSM does not
have the defects of torque output ripple and no torque output when starting. Centralized
driving system performs advantages of simple structure, large space saving, low cost, and
good technology portability, which are beneficial to rapid growth of the electric vehicle
industry. Since PMSM can provide enough traction torque at start-up and can provide a
wide range of speed tuning while supplying sufficient torque, such that single speed
driving scheme can make electric vehicles perform well in most conditions. However,
one of the main problems is that this kind of configuration can hardly make the EV work
in high efficiency area of PMSM efficiency map as shown in Figure 1.5. Therefore,
application of single speed transmission scheme will reduce efficiency of PMSM, the
increased energy consumption will influence the cruising mileage which people care the

most about.

Torque expansion
______ at gear 1

onbioJ,

single-speed
transmission

[
...... R T T
388
Seleteleteletets

Figure 1.5 Sketch of PMSM Efficiency

It is well known that most electric vehicle is equipped with single speed transmission
currently which put forward more restrict requirements of driving motor performance [11].
Although domain manufacture of PMSM has improved a lot but still far from enough

[12]. Therefore, this powertrain configuration of EV with fixed speed transmission is not
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suitable for EV manufacture in China or other countries at this stage.

The powertrain is one of the key systems of electric vehicle and determines the dynamic
performance. The fixed gear transmission scheme can meet the requirements under the
condition that dynamics and economics are not required too much. But when they are
required further, the fixed gear transmission scheme has to impose higher requirements
of PMSM power and battery capacity, which not only increase the cost but also influence
the battery life [13]. In order to improve EV dynamics and economics without introducing
a higher-power motor, and to improve the adaptability of electric vehicles to loads or road
conditions, installing a multi-speed transmission is a common method [14-17]. Therefore,
the two-speed transmission driving scheme guarantees both power and economy
advantages: (1) as can be seen in Figure 1.5, during the initial EV start-up and accelerating
for overtaking, the peak value of the output torque of the PMSM has been expanded at
the first gear, so smaller and lower power motor is required capered with driving scheme
of fixed gear ratio or direct driving powertrain; (2) similarly, the maximum speed of the
electric vehicle is also improved by the extension of maximum motor speed at the second
gear; (3) optimal shifting scheme can be designed according to operation conditions so
that the driving motor can work in high efficiency area of the map and economics and

cruising mileage [18,19].

Figure 1.6 Electric Logistics Vehicle Prototype with Integrated Powertrain

As the national development strategy of new energy vehicles gets much clearer, the
electric vehicle industry develops rapidly and the electric vehicle has entered the

promotion age from trail period. In June 2015, a full electric logistics vehicle shown in
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Figure 1.6 is developed in the cooperation project of Collaborative Innovation Center for
Electric Vehicles, Beijing Institute of Technology and Beijing Electric Vehicle Co., LTD.
This electric logistics vehicle is equipped with a PMSM-two-speed transmission
integrated driving system without a clutch. Interrupting and recovering power to the

transmission for shifting is realized by motor control.

Several typical automatic transmission systems as in Table 1.2 have their own
characteristics: compared with the automatic transmission (AT), continuously variable
transmission (CVT), dual clutch automatic transmission (DCT), etc., technique of the
automated manual transmission is mature with the advantages of low cost, high efficiency,
small size, easy installation etc. and is the most suitable for configuring requirements of
urban logistics vehicles. Excessive gears will not only increase the complexity of the
transmission manufacturing and control, but also increase transmission volume and mass,
and the extra gear selection will also prolong power interruption duration of shifting and

destroy the vehicle dynamics.

Table 1.2 Performance Comparisons of Typical Automatic Transmissions

Transmissions Pros Cons Applications

high energy consumption
AT smooth and adaptable car
and complex structure

AMT Low energy consumption, poor drivability, power general urban

simple structure and low cost

interruption traffic
CVT high efficiency and good poor bearing capacity, high
R S small car
drivability cost and poor reliability
DCT fast shifting and low energy high cost and complicated hybrid vehicle
consumption structure

The object of research in this thesis is based on the electric logistics vehicle of joint
development with Beijing EV, of which powertrain comprises PMSM-2-speed
transmission integrated system, final drive, drive shaft, wheels, etc. Since the motor

responds very quickly to the driver's pedaling command and is not equipped with fly
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wheel for energy storage or buffering like conventional engine, torque step input to the
transmission is formed when the driver suddenly releases the pedal command or the
PMSM unloads the torque before the transmission shifts. Due to the existence of elastic
damping parts such as drive shafts and tires in the driveline, it constitutes a typical
damped harmonic oscillator which will produce torsional vibration when torque step
input happens, and it will further produce vehicle longitudinal vibrations that more

sensitive to human body.

This thesis aims to research for improving the drivability of electric vehicle equipped with
two-speed AMT by applying motor active damping control. Based on mathematical
modeling of the vehicle powertrain, the proposed intelligent estimation, observer and

control algorithms are applied to improve EV drivability.

1.4.2 Literature and Information Review

1.4.2.1 Research on Smooth Driving Technique of Electric Vehicle

In the 1930s, automobile manufacturers began to attempt to de-clutch, such as replacing
traditional clutches with hydraulic coupling or centrifugal clutch and shift frequency
during start/stop and acceleration was also reduced, and such de-clutch driving
configuration was also applied to more complex systems. With development of
technology and automatic control, such semi-automatic transmission has also been
phased out so that more complex shifting requirements are met. However, for the small
and low-power cars this semi-automatic transmission with a dry clutch are still retained
because mechanical connection provides higher transmission efficiency than hydraulic
coupling. Other early semi-automatic transmissions are mainly used in diesel locomotives

and some road vehicles [20,21].

Modern AMT transmissions have achieved all automatic shifting functions. Drivers do
not need to operate clutches and shifting forks. Series of actions such as throttle control,
clutch manipulating, gear selection and shifting are executed by corresponding actuators

under control, the controller can output the optimal economic or dynamic command
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according to PMSM efficiency characteristics. In 2015, Eaton Corporation developed a
control method for operating an automated manual transmission system for driving
system consisting of an engine, a multi-speed automated manual transmission and a
clutch between them. The control method depends on the throttle changing rate, when the
throttle opening rate is larger than a certain threshold, the clutch is engaged at the first
rate; when the throttle opening rate is less than a certain threshold, the clutch is engaged

at a second engagement rate which is proportional to the throttle opening [22].

In 2010 ZF Friedrichshafen AG patented a vehicle transmission control method which
serves powertrain comprising an internal combustion engine with a drive shaft, a driving
motor connected to the drive shaft, a multi-speed AMT, and a friction clutch between
engine driveshaft and transmission input shaft. When shifting command comes the
minimum or temporary closing friction coupling can be achieved by combining with
engine control. In order to speed up the shifting operation and reduce torque peak during

shifting, the motor is temporarily used as a generator or compensation motor [23].

Constant
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Figure 1.7 Novel Synchronizer “Harpoon-Shift”

In order to overcome the inherent defects of AMT transmission and improve the shift
quality, W. Mo and P. Walker et al. of University of Technology Sydney, Australia
proposed a novel synchronizer configuration called “Harpoon-Shift” as shown in Figure
1.7. This synchronizer overcomes the defects of the conventional synchronizer of friction
cone clutch, it improves the smoothness and efficiency of the transmission, and simplifies

the shifting strategy of multi-speed transmissions of electric vehicles [24]. The gear
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engagement mechanism they proposed only includes a torsional spring and a dog clutch
to reduce the rotational speed difference in gears engagement and absorb the transient
shock during shifting, so that selection of teeth and engagement can be realized finally.
Computer simulation results show that the rotational inertia and rotational speed
difference of the mechanism influence the transient response of the Harpoon shift largely,
and the rotational speed brings little torsional vibration in the system. Applying Harpoon
shift to the transmission system together with appropriate control strategy, it can improve
the shift quality of the transmission. In the test pneumatic actuator can move 20mm in
0.2s under 600KPa (47N force), which is equivalent to average SW power consumption

in gear engagement, that is acceptable.

Table 1.3 Vibrations (Noise) Classification of Electric Vehicle Powertrain

Vibrations oL
) Frequency (Hz) Excitation Source Influence
(Noise)
. Drive shaft stiffness, motor
Shuffle 2~10 Load change and acceleration
torque, etc.
Suspension Vibration Caused by Powertrain suspension
Surge 0~100 . .
Catastrophic Load system characteristics
Luggin Suspension system, vehicle
. &8 . g 0~100 Motor reversing drag P Y
Vibration body
Gear clearance, inertia,
Clonk 300~500 Torque step change .
stiffness, etc.
. . Drive shaft, suspension,
Booming 0~200 Motor torque ripple .
suspension, body
) Gear clearance, motor
Gear Rattle 1000~8000 Motor torque ripple .
torque ripple
Gear Whine 3000~4000 Gear transmission error Gear stiffness, gear shape

. Electromagnetic noise caused by  Control accuracy, assembly
Motor Whine 500~2000
structural errors error, etc.

For full electric vehicle, the Noise, Vibration, and Harshness (NVH) of transmission

system is different from that of conventional fuel vehicle. Vehicle with conventional
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engine idles frequently with low running speed, it often approaches the first-order
resonance frequency of the vehicle body. In contrast, the PMSM does not need to be idle
to maintain the working state, the rotating motion of the rotor excites the drivetrain in a
sweeping state from low to high frequency during acceleration. Although the sweeping
process will come across the body's natural resonant frequency, it will pass
instantaneously, so there is vehicle body resonance excited by motor idle speed. The main
vibrational issues are listed as in the Table 1.3 [25-28]. Because of the good control and
response performance of the motor, it is more feasible to apply active damping control
algorithms for torsional vibrations in drivetrain by tuning motor torque than the

conventional engine [29].

1.4.2.2 Research on Control Schemes for EV Powertrains

The Ford has applied a Proportional Derivative (PD) motor torque controller to achieve
active damping control of the torsional vibration of the transmission system. Due to the
limitations of the background and the development of the control theory, there is still
room for improvement. Although the PID controller has a good versatility and parameter
adjustment is very simple, it does not perform well in all control aims, and it is not optimal
in performance. The basic difficulty of PID control is that it is a feedback control system
with constant parameters and no direct knowledge of the target system, so the overall
performance is passive and compromised. When the PID controller is singly used, the
gains of the PID feedback loop must be reduced to avoid excessive overshoot or
oscillation. When the system is nonlinear, it will encounter difficulties and a trade-off in
response time must be made. The controller will not vary due to the time-varying system,
so the response will delay a lot when the system comes across a large disturbance. In the
PD controller designed by Ford, due to the lack of integral (I) part, although it avoids too
much response time and large overshoot, it brings a considerable steady-state error, which

is harmful to dynamic performance of electric vehicle [30,31].

In 2010, Fu Hong and Tian Guangyu et al. of Tsinghua University studied the control

method of torsional vibration of motor-transmission integrated powertrain system. Unlike
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the previous Ford PD control method, they analyzed the vibration characteristics of the
electric vehicle powertrain equipped with motor-transmission integrated system and
proposed a motor control scheme based on linear quadratic regulator (LQR) with an
observer to realize the active damping control so that the drivetrain torsional vibrations
are suppressed by motor control [32]. They also use the motor output speed, drive shaft
torsional angle and wheel speed as system state variables. Since the drive shaft torsional
angle is a parameter that difficult to be measured directly, they introduced the Luenberger
dimensionality reduced-order observer which uses motor torque and motor speed as input,
observed drive shaft torsional angle and wheel speed are obtained based on appropriate
pole placement. Simulation results show that Luenberger reduced order observer can
effectively estimate the necessary state variables, and the linear quadratic regulator can

effectively attenuate the vibration of the drivetrain.

Similarly, in the aspect of optimizing the driving performance of electric vehicles by
controlling motor torque, Shi Junhui et al. from Beijing University of Technology aimed
to improve the comfort of battery urban electric bus in 2016, they optimized the torque
control scheme for drivetrain and reached the target of restraining vibration and shock
[33]. Their research target is a battery urban electric bus with coaxial series dual motor
driving system, and the mathematical model of the powertrain is established as well,
which provides a simulation base for the optimization of torque control. By analyzing the
influence of torque step change on vibration shock of the transmission system,
optimization issue is solved based on the Model Predictive Control (MPC) and the
optimal torque control law is obtained. Comparisons from simulation results show that
the model predictive control can effectively reduce the vibration and impact of the
drivetrain under the same dynamic performance of the urban electric bus. Moreover, they
also built a test rig for the dual-motor driving system to verify the effectiveness of the
proposed strategy and vehicle prototype test was carried out too. The experimental results
show that the proposed torque control optimization strategy based on the model predictive

control algorithm can suppress the vibration and shock to the drivetrain effectively.

As for the shift quality improvement, in order to shorten the power interruption time
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during shifting, for the clutchless motor and AMT integrated drive system, P. Walker of
the University of Technology Sydney, Australia proposed shift control scheme as in
Figure 1.8 by motor speed tuning, motor tuning in closed-loop and replacing the friction

clutch function of the block-ring with cooperation from the synchronizer actuator [34].

((Detect shift requirement ) ( Detect shift requirement ) ( Detect shift requirement )
| Reduce motor torque | | Reduce motor torque | | Reduce motor torque |
Motor torque low lMotor torque low lMOtOf torque low
[ Release synchronizer | [ Release synchronizer | | Release synchronizer |
lSynchronizer open / WSChronizer open Synchronizer open
[Reduce slip speed | Engage || Reduce slip ,
lip speed low synchronizer speed Frgage jareet gear
synchronizer

Synchronizer closed

4

Engage synchronizer
gag
Synchronizer closed Synchromzer closed

| Reinstate motor torque

| Reinstate motor torque | ‘ Motor torque high | Reinstate motor torque | '
Motor torque high - lMotor torque high
- Shift complete .
Shift complete Shift complete
(a) (b) (e

Figure 1.8 Alternative Shifting Strategies

In order to achieve this goal, multi-body dynamics mathematical modeling of an EV
powertrain with a clutchless AMT, DC motor, and synchronizer was established. The shift
quality is evaluated from longitudinal impact, vibration and shift time of the vehicle,
based on these three parameters series of researches were carried out, which focus on
shifting up and shifting down under control for motor and synchronizer integrated system.
Conclusions can be drawn as follows: (1) the most important factor affecting vehicle
longitudinal impact and transient vibration in shifting is unloading and recovery of motor
torque during the preparation stage of motor speed synchronization; (2) minimization of
shift time can be achieved by reducing the various stages of shift control, but at a cost of
increased longitudinal vibration and shock; (3) by applying electric drive control, speed
regulation stage of gear shifting can be achieved successfully. However, for typical gear
shifting process, this stage only accounts for 30% of the total shift time. (4) by applying
a high-quality motor control scheme shifting can be completed without using the conical
friction clutch in the synchronizer. However, due to the probability of shift failure during

the shifting process, it is still necessary to keep the synchronizer.
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Furthermore, Frank J. Falcone et al. from Argonne National Laboratory in the United
States have studied the effect of the speed difference sleeve and target gear on active
synchronization process. In the study, the speed difference is set between 0.5 rpm and 60
rpm. The research results show that speed between the target gear and the engagement
sleeve can be synchronized quickly by motor speed tuning. When the speed difference is
0.5 rpm, the synchronization time takes about 1s, and when the speed difference is 60
rpm, the synchronization time takes about 0.1s. Therefore, applying the active
synchronization control strategy with motor speed tuning can replace synchronization of

mechanical friction [35].
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Figure 1.9 (a) Case 1, (b) Case 11

A. Penta and R. Gaidhani of Indian Tata Automobile Company have studied the active
synchronous speed tuning for clutch-free full electric drive and hybrid vehicle with two-
speed transmission and optimized the position of synchronizer to improve the shift quality.
Through the shift simulation experiments in two cases as shown in Figure 1.9, conclusions
can be drawn as follows: In case I, the active synchronization time is 75ms, the
synchronizer engagement time is 139ms, and the total time consumes 214ms. In case I,
the active synchronization time is 62ms and the synchronizer engagement time is 110ms,
the total time consumes 172ms; downshift time is 30% less than upshift time when the
synchronizer is mounted on the transmission input shaft, 20% less than that when the

synchronizer is mounted on the output shaft [36].

In recent years, many researchers have deeply studied this active synchronization

technology based on motor speed regulation. They either proposed more advanced speed
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regulation mode or carried out relevant experimental verification [37-40]. In 2013, M.
Reinholds and S. Andreasson of Lunde University, Sweden used PID to control the motor
speed to synchronize sleeve speed and gear ring speed. Shifting experiments from 3™ gear
to Sth gear was carried out on LabView. When the speed was higher than 1000rpm, the
shift time was improved by 67.4% [41]. In 2015, C.Y.Tseng et al. of National Pingtung
University of Science and Technology in Taiwan proposed a robust control strategy based
on double-layer neural network for AMT synchronizer of clutchless electric vehicle. Their
research points out that the shifting operation of clutch-free AMT requires not only a
motor that mode can be switched quickly with high accuracy in speed control but also the
shifting actuator with precise position adjustment and good robustness to shifting load
change. The key technology to achieve fast and accurate shifting control is the shifting
actuator of which moving can be controlled robustly. Therefore, they established a test
bench for active gears synchronization using speed tuning control based on the two-layer
neural network robust control algorithm and performed a shift test. The experimental

results are listed in Table 1.4 [42].

Table 1.4 Time Consumption of Shifting Process

Shift Up (s) Shift Down (s)
Operations
-2 253 3—4 455 554 453 352 2-1
Open 0.31 031 03 0.3 03 031 03 031

Selection 0.0l 026 0.01 026 024 001 026 0.01
Synchronization 0.96 0.82 0.78 0.72 044 0.56 0.68 0.7
Engagement 042 04 04 039 038 041 041 042

Total Time 1.69 153 148 141 1.12 128 139 143

During the forward movement of shifting in AMT transmission, the sleeve is driven by
the axial force to push the bronze lock ring to realize speed synchronization with the cone
clutch of the target gear by mechanical friction, therefore, the sleeve and the target gear
can be pushed to engage. During this process, it consumes a while and impact and sliding
work are generated, which brings about adverse effects such as power interruption, shift

shock and synchronizer abrasion. As mentioned above, the power interruption duration
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and impact are a pair of contradictory indicators, so it is meaningful to find the
comprehensive optimal or weighted optimal decision for power interruption time and
shift quality [43-45]. Zhao X. and Chen H. et al. of Beijing University of Technology
have designed a series controller based on fuzzy control algorithm, of which control target
is the impact and sliding power, so that the sliding power can be reduced under the same
shift quality, and life of synchronizer is prolonged as well [46]. Lin S. et al. of Nanjing
University of Science and Technology has taken the impact and sliding work of
synchronization stage as the optimization objective, and established the comprehensive
objective functional, by introducing the optimal control algorithm based on the minimum
principle, comprehensive optimization of shift quality is achieved. The experimental
results shown in Table 1.5 and Table 1.6 are obtained through test rig experiments. Table
1.5 shows the evaluations of shift quality before and after optimization. Table 1.6
compares the shift quality of three groups of speed difference, and conclusions can be
drawn that synchronization time, shift sliding power and maximum impact increase with

the of speed difference [47].

Table 1.5 Comparisons of Shift Quality

Group Shift Time Synchronization Time Sliding Work Maximum Impact
(ms) (ms) (W/) (rad/s?)
Optimized 138.1 88.6 87.1 194.8
Unoptimized 125.5 83.1 84.6 386.5
Table 1.6 Comparisons of Shift Quality in Different Conditions
Speed Shift Time  Synchronization Time Sliding Work Maximum Impact
Difference (ms) (ms) (W/) (rad/s?)
500r/min 128.1 80.2 75.8 149.4
600r/min 139.5 87.7 87.1 188.3
700r/min 147.6 97.8 109.5 226.8
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1.4.2.3 Research on Advanced Control Algorithms for EV Powertrains

The control system of electric vehicle is one of the most important parts of electric vehicle.
It plays a decisive role in the power, economy, comfort and safety of electric vehicle. The
electronic control system occupies an increasing proportion in vehicle development and
production. Not only the hardware design but also the software based on various advanced
control algorithms as brain and soul of vehicle are developed as well, it is a key technique

and decisive factor that affects vehicle performance [48-53].

In engineering practice, PID controller is still widely used. According to the error from
system feedback, the control signal is regulated or compensated by proportional, integral
and differential operations [54-57]. PID control algorithm has many advantages, such as
model-independent, simple application, convenient parameter regulation and good
stability. However, with the improvement of control accuracy, it is always necessary to
establish time-varying and non-linear dynamic models of vehicle systems more precisely
and practically, from which parameters are less and less neglected. However, as control
plants of simple Single-Input Single-Output (SISO) systems are more and more replaced
by Multiple-Input Multiple-Output (MIMO) systems, performance of PID controller is

not satisfactory for these requirements [58-60].

Model-based control algorithms are becoming more widely used with the advancement
of embedded systems [61,62], by using this method a common framework for
communication through the "V-shaped flow development process" can be effectively
established [63]. By applying various advanced control algorithms, performance of the
designed controller can be easily simulated on Matlab/Simulink and then the underlying
execution programs such as C code or C++ code can be generated as well, download the
codes of the control algorithms to the Rapid Control Prototype (RCP) and then comprise
a Hardware-In-the-Loop (HIL) experimental system. Therefore, online simulational
experiments can be realized to provide convenience for developing control system based
on advanced control strategies [64,65]. Therefore, the more controllable electric vehicle

provides a platform for the development and application of various advanced control
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algorithms. This thesis analyzes and compares the common algorithms of parameter
estimation, state observation and active motor damping control for electric drive vehicle
drivetrain, and then based on the existing problems novel algorithms are proposed which

aim to improve the drivability of electric vehicles.

(I) Estimation of Parameters and States for Vehicles

The parameter estimation of control theory serves the parameters that cannot be measured
by sensors directly or conveniently, it uses the measurable signals and corresponding
model-based algorithms. In 1794, the German mathematician Gauss first realized the
parameter estimation for calculating the orbit of celestial bodies by least squares method.
With the rapid development of electronic computers, there came about many traditional
classical parameter estimation methods, such as least squares method, maximum
likelihood method, etc. However, these methods are mainly used for offline estimation,
vehicle active control systems usually require online estimation or real-time estimation,
which are used for fault diagnosis or real-time control requirements. Therefore,
researchers have proposed various real-time estimation algorithms mainly including
Kalman Filter (KF) and its extension algorithm, Recursive Least Square (RLS),
Luenberger Observer, Sliding Mode Observer (SMO), Dynamic Simplex Method, Multi-
Model Switching Method, etc. [66-68], in this part of the thesis some typical and

commonly used algorithms are selected for discussion.

(1) Recursive Least Squares

Recursive least square is an adaptive filtering algorithm, which uses the known initial
parameters to recursively search the factors that minimize the weighted linear least square
cost function relating to the information input, and update the filter parameters according
to the new information input. In 2016, Ding Feng of Jiangnan University has studied the
recursive least squares parameter estimation of a nonlinear system based on model
decomposition. The research shows that this method consumes less computational power

than that of over-parameterized model and can effectively estimate the parameters of
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nonlinear systems [69]. A. VAHIDI et al. of Ann Arbor University of Michigan, USA,
have proposed a least square method with a forgetting factor to estimate the vehicle mass
and road slope. By simulation conclusions can be drawn that estimation error of vehicle
mass in within 5%, it can also track the time-varying road slope with noise accurately.
For the problems such as the lack of continuous incentives or the difficulties in parameters
tracking during shifting process, explain and suggestion are given to avoid these issues

[70].

So far, the estimation algorithms based on least squares or recursive least squares are still
popular for vehicle mass estimation, such as the work of Changfu Zong et al. from Jilin
University in China, who have researched the recursive least squares algorithm with two
unknown parameters is used to estimate both vehicle mass and system error considering
color noise . Performance in tests turned out that the percentage of mass error was 16%
in road test, the percentage of mass error is 7.2% with system error considered, the
precision of mass estimation improves by 8.8% [71]. The advantages of recursive least
squares are obvious such that the convergence rate is insensitive to the eigenvalue
dispersion of the covariance matrix of array signals, and it converges quickly. But
disadvantages of the recursive least squares should not be neglected such that high
computational complexity, biased parameter estimation due to noise or outliers will be
generated [72,73], and even unstable performance may come about [74]. Furthermore, O.
P. MALIK et al. of the University of Calgary in Canada have also pointed out some
problems in the practical application of recursive least square for system identification:
although the recursive least square performs well in simulation, it is not satisfactory in

practical application because of the differences in simulation and practice. Some systems
can be expressed by an exact real value 6, and a measurable certain order mathematical
model, but in most industrial operations 6, is only be valuable in analysis, because the

practical systems are always non-constant, nonlinear and time-varying [75]. It is worth to
mention that, in order to get faster transient and better steady-state performance than

recursive least square for vehicle parameters (mass) estimation, Prof. Jing Na from
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University of Bristol proposed an adaptive estimation law based on finite-time parameter

estimation, which was also proved to be robust to bounded disturbances [76].

(i1) Kalman Filters and Extension

Classical Kalman filter is based on Bayesian estimation theory and with self-learning. For
linear state equation with Gauss distribution noise, the analytic solutions of posterior
distribution can be obtained according to recursive linear filtering formula. Therefore,
decisions can be made according to the measured data and the filter parameters can be
regulated to make it adaptive, thus an approximated optimal state estimation can be
obtained [77]. Kalman filtering theory uses state equation to describe the system in time
domain. The recursive form of Kalman filtering algorithm can reduce the data storage,
Kalman filter can not only be applied to the stationary stochastic processes but also
multidimensional and non-stationary stochastic processes [78]. However, the classical
Kalman filters are only suitable for linear systems, so many suboptimal approximation
methods are proposed for the suboptimal approximation of nonlinear filtering problems,
Gauss approximation methods are mainly used, including: (1) Taylor series expansion for
linearization of the nonlinear part of the nonlinear functions, such as Extended Kalman
Filter (EKF); (2) using sampling methods to approximate nonlinear probability
distributions, such as Unscented Kalman Filtering (UKF) that applies Unscented
Transformation (UT) to nonlinear transfer of mean and covariance [79]. F. Gustafsson of
Linkoping University, Sweden pointed out that the difference between extended Kalman
filter and unscented Kalman filter is that one is based on discrete Riccati equation and the
other is based on conditional expectation formula without explicit Riccati equation.
Firstly, the function of the sample points (sigma points) can be applied to the Extended
Kalman filter, but not to the explicit linear model. Second, the second-order Taylor

expansion-based extended Kalman filter (EKF2) is very close to the unscented Kalman

filter. They also used z = g(x) where X is nonlinear mapping of Gaussian distribution, by

comparing the second-order extended Kalman filter with the unscented Kalman filter,

conclusions can be drawn that even the unscented transformation of quadratic function
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cannot get the correct second moment. This can be illustrated by the counterexample of
g(x)=x"x which exists analytic solutions. But for standard sensor models, unscented

transformation can perform well [80].
(i11) Sliding Mode Observation Algorithms

Since the Sliding Mode (SM) algorithm has been put forward and applied to practice for
decades, Sliding Mode Control (SMC) has been considered as a very effective means to
control a variety of nonlinear systems with good robustness to disturbance [81,82], sliding
mode controller is still one of the most satisfactory choices in engineering practice so far
[83-85]. Based on the variable structure control theory, researchers have proposed various
types of Sliding Mode Observers (SMO) to robustly observe the state or parameters for
nonlinear systems, and they are widely introduced in sensorless control, fault diagnosis
and other occasions to meet the requirements of reducing costs and adaptability to harsh
working conditions better [86-90]. However, one of the main drawbacks of the sliding
mode algorithm is the "chattering" issue, which is caused by the discontinuous switching
function (sign function) in the algorithm. This is an inherent defect and impossible to be

totally eliminated, but measures can be taken to reduce.

At present, there are three typical methods to reduce the chattering [91]:
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Figure 1.10 Various Approximate Functions of the Sign Function

(a) Approximate the discontinuous sign function with the continuous functions such as

"non

"saturation function", "S function", "anti-tangent function" as shown in Figure 1.10
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[92], these are the simplest and most widely used methods to reduce chattering but are
not ideal switching modes. When the observation error converges close to zero, it will

introduce bias and affect the convergence rate.

(b) Introduce higher order sliding mode observers [93,94]. It has been applied to
practice successfully such as PEM fuel cell system [95,96] and estimation of tire
friction [97] etc. However, the generalization of 7 th-order (7 >3) sliding mode

observer is limited by high relative degree issues, consecutive derivatives of the
variable (s,s','s',---s("fl) ) must be known. It is worth noting that, as one of the most

powerful second-order sliding mode observers, super-twisting (STW) only needs
information on the sliding variable s [98-100]. It can generate a continuous function to
drive the sliding variables and derivatives of sliding variables to 0 in a finite time and
it shows a good robust performance without knowing the boundary of disturbance
exactly [101]. Based on the twisting controller, Levant et al. proposed a modified
twisting controller for uncertain dynamic systems with relative degree 2, the
convergence rate is prescribed in advance and the twisting control algorithm can be

accelerated [102].

(¢) Introduce an adaptive gain [91,103,104]. The variable gain will vary with distance
between the trajectory and sliding mode switching manifold, if deviation is larger than
a certain range, the adaptive gain will be increasing to force the trajectory back to
sliding mode switching manifold and if deviation is small, the adaptive gain will reduce
to prevent the system from overshoot. This can attenuate chattering and compensate
perturbations of which boundaries are time-variant more accurately [105]. The adaptive
super-twisting (ASTW) algorithm has been applied in sensorless control for permanent

magnet synchronous motor with good performance [106].
(IT) Active Damping Control Algorithms for Drivetrains

Active damping is an algorithm which is used to reduce oscillations in the motion control

systems and usually requires known signals of acceleration or force of the system. The
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concept of active damping was applied to satellite attitude control as early as the 1960s
[107]. With the progress of the cost and performance of electronic equipment, the
application of active damping is becoming more and more common in vehicle control

systems [108].

When the vehicle accelerates, the elastic parts of the drivetrain will cause torsional
vibration, which will bring about vehicle body longitudinal vibration further. This
vibration commonly acts as shuffle or low-frequency vibration of about 1-5Hz [109]
which may even be close to the first-order resonant frequency of the entire drivetrain.
Therefore, many active damping control algorithms have been proposed sequentially, the
core principle is to use motor (engine in traditional vehicle) as an actuator to provide
reverse compensation for oscillation. Among them, some are applied commonly such as
the Model Predictive Control (MPC), the Linear Quadratic Gaussian (LQG) as an optimal
control, the pole configuration and other algorithms that constitute a speed closed-loop

feedback for the powertrain [110-112].

(1) Model Predictive Control Algorithms

Model predictive control is an advanced process control algorithm, which was used in
fields of chemical industry, power system and power electronics in the 1980s. In recent
years, it has also been valued and used in vehicle control systems. Model predictive
controller depends on the dynamic mathematical model of the system and can deal with
constraints well [113]. The main advantage of model predictive control is that it can
optimize the current moment online and consider the future moments through repeated
optimization and take corresponding control actions, so it is also moving horizon optimal
control [114]. As an optimal control algorithm, the model predictive control also has the
basic characteristics of optimal control. No matter what form of model predictive is, it
has the following three basic characteristics: model predictive, rolling optimization and

feedback correction [115].

The advantages of the model predictive control algorithm include: (1) the convenient
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modeling, of which process description can be obtained through experiments, it is
unnecessary to understand the internal process of the system as a "black box model"; (2)
discrete convolution model with non-minimization description is adopted, which has a
large information redundancy and improves the robustness of the system; (3) by adopting
the rolling optimization scheme and through the repeated online optimization calculation,
the uncertainty caused by model error and disturbance can be compensated, so that
dynamic control performance is improved; (4) MPC can be extended to systems with
constraints, large delay and non-minimum phase, etc. to obtain better control performance

[116].

Professor Xi Y. from Shanghai Jiaotong University has pointed out some shortcomings of
the model predictive control algorithm such as: (1) currently model predictive control is
mainly applied to slow dynamic processes and requires computing power in high-
performance because of the multiple online optimization calculations, so the promotion
and application are limited a lot; (2) as to the application object, the model needs to be
linear or quasi-linear; (3) as to the application skills, it mainly depends on the designer’s

experience [117].

(i1) Optimal Control

The optimal control is used to solve the optimal control law to optimize the performance
index of the system. Optimal control is a series of differential equations describing the
trajectory of control states that minimize the cost function. From a mathematical point of
view, the target of optimal control theory is to solve a class of extremum problems with
constraints, which belongs to the theoretical category of variational. However, the
classical variational theory can only solve a class of optimal control problems that belong
to the open set, however, most of the problems in engineering practice belong to the closed
set and the classical variational theory is powerless in these problems solving [118]. In
the mid-to-late 1950s, the Soviet cybernetic expert Pontryagin and the American scholar
Berman almost simultaneously proposed two methods for solving the optimal control

problem — Pontryagin Maximum Principle and Bellman Dynamic Programming Method,
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which become the effective and commonly used methods in modern variational principles

[119].

In engineering practice, especially the vehicle operations which will face various working
conditions and expose to harsh working environment with disturbance in large scale.
Therefore, it is quite necessary to introduce the closed-loop control, of which control laws
can be expressed as functions of time and state. Generally, it is difficult to solve this kind
of problem, but for a kind of linear dynamic system with quadratic index, it has been
completely solved. It is not only mature in theory and simple in the control law
mathematically, but also easy to realize in engineering practice, so it is widely used in

engineering [120].

One obvious weakness of the Linear Quadratic Regulator (LQR) is that all states need to
be measured in feedback. In most cases, not all states are always measurable, so these
unmeasurable states must be obtained by observers, such as the classical Kalman filter.
In practical application of vehicle system, random measurement noise exists in sensor or
state observer. Considering random noise of the input, the linear quadratic optimal control
forms a Linear Quadratic Gauss (LQG) algorithm, which can solve the problem of
optimal controller designing with disturbance in data collection or unmeasurable state

variables.

LQG designing is divided into the following two independent processes: (1) the optimal
control law designing, which regards the system as a deterministic system without
considering random disturbance and measurement noise. At the same time, it is assumed
that the feedback includes all necessary states of the system. (2) optimal state estimating,
the actual feedback signal is not the actually measured state of the system, but the result
of state observation [121]. So far, the optimal control is still considered to be one of the
most effective means of vibration active control, but on the premise that the weight
parameters are selected appropriately for obtaining the optimal control law so that
performance index can be minimized [122-124]. The weight matrices Q and R directly

affect the optimal control results. However, the choice of them is usually based on
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subjective preference or attempt of the designer. Such "optimal" result is probably not the
objective "optimal" actually and may even cause side effects, so researchers are actively
looking for the ways to properly select the weight matrices for better control performance
[125-127]. In 2017, Professor Lin C. et al. from Beijing Institute of Technology have
proposed a linear quadratic regulator combined with a Genetic Algorithm (GA) controller
to control the oscillations of the electric vehicle powertrain actively. It takes the sum of
the Root Mean Square (RMS) of motor speed, torsional angle of drive shaft and wheel
speed as the cost function, the genetic algorithm is used to search the optimal weight
offline, so as to reduce the torsional oscillations of drivetrain and optimize shift quality

[128].
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CHAPTER 2: MODELLING AND ANALYSIS OF THE
ELECTRIC VEHICLE POWERTRAIN

2.1 Introduction

The research object in this thesis is based on the powertrain of electric logistics vehicle
as shown in Figure 2.1 (a) which belongs to the rear centralized driving configuration
including the power battery, permanent magnet synchronous motor, and two speed AMT
transmission, drive shaft, final drive, drive shafts and wheels. In order to reduce the low
frequency excitation response of the drivetrain (including vehicle body) to the motor input
when the pedal is frequently tipped in/out during traffic jam or low speed driving,

configuration shown in Figure 2.1 (b) that equipped with a torsional damper based on

Figure 2.1 (a) is researched.

Actuator

Second Gear AMT
PMSM \ -

! First Gear
s -
Torsionhal T i -
Damper :
It
TeeT
Rear Axle J_
(a) (b)

(a) Powertrain of the Electric Logistics Vehicle (b) Corresponding Powertrain Equipped with

Torsional Damper

Figure 2.1 Configuration of the EV Powertrain in This Thesis

Compared with the traditional fuel vehicle powertrains, the flywheel is no more necessary
to buffer the alternating torque from the engine crankshaft and drive the pistons to pass

the dead point, so it consumes less energy. The clutch mechanism is removed to make the
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system more integrated and compact. Moreover, the shift control system can be simplified
and time of power interruption is shortened [129]. In this chapter, mathematical model of
all parts of EV powertrain is established and analyzed by MATLAB/Simulink which
include dynamic characteristics, natural frequencies and mode shapes, etc. Chapter 2
provides a base and object for vehicle parameters estimation, states observation and active

damping control in the following chapters.

2.2 Modelling of the EV Powertrain

The driving power generated by the PMSM is transmitted to wheels through all parts of
the powertrain. The model includes multiple moments of inertia and elastic damping
joints, it is necessary to model each part to obtain the motion states from PMSM to wheels

and then reveal the motion relationship of the whole EV powertrain.

2.2.1 Principles of Establishing Dynamic Equations for EV Powertrain

In this thesis, the principle of momentum theorem and angular momentum theorem of the
Newton Vector Mechanics and Lagrange analytical mechanics principle are applied to

establish the differential equations of EV powertrain motion states [130].
(I) Newton Vector Mechanics System

(1) Momentum theorem of particle system: the time derivative of the momentum vector

p of the particle is equal to all external forces ). F; acting on the particle system, which

expresses as follows:

—=>F 2.1)

In form of momentum theorem of particle system:
mit, = F, (2.2)

Where m is total mass of the particle system, F. is the centroid acceleration of particle
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system.

(i1) Angular momentum theorem of particle system: the time derivative of the angular

momentum L, to a fixed point O is equal to the moment M of all external forces about

O, which can be expressed as
—=M, (2.3)

For a single rigid body, angular momentum L is equal to the product of the moment of
inertia I and the angular speed @ , which can be expressed as

L=Iw (2.4)
By application of the projection of the angular momentum theorem, i.e. the corresponding

Euler equation of the rigid body is

Io+@Lo=L, (2.5)

T
Where @ is the angular velocity projection matrix, w=(a)x,a)y,a)z) , @ is the

z v
antisymmetric matrix @ =| o, 0 -o
-0, O, 0

(IT) Analytical Mechanics Principle

Analytical mechanics is applicable to the constrained particle systems and is a method for

solving mechanical problems using mathematical analysis.

(1) General equation of dynamics: i.e. D'Alembert-Lagrange principle, the establishment

of the equation is based on the principle of virtual displacement expressed as follows:

> 61 -(—mi + F7) =0 2.6)

i=1
Where —mi: is the inertial force acting on the particle i, F,"is the active force acting on

the particle i, Sr is the virtual displacement of the particle 1.

(i1) Lagrange equation: the principle of Lagrange method is to express the total kinetic
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energy of a system with variables of the system, then it is substituted into the Lagrange
equation and take the partial derivative, therefore, an equation expressing motion states
of the system can be obtained. The Basic form of the Lagrange equation is expressed as

d(O0E, | OE,
= "= =t
dt\ oq, oq.

1

(i=1,2,---n) 2.7)

Where F, is the generalized active force corresponding to generalized coordinates, £,

is the kinetic energy function of the system, ¢, is the generalized coordinates of the
particle 1, n is order of the equation. In the modelling of vehicle system dynamics F,, can

be regarded as generalized external force, then the corresponding Lagrange equation can

be expressed as

:FQi

d (GET]_GET O, O,

d )

= ll (i=1,2,-n) (2.8)

oq,
Where E is the total kinetic energy of the system, £, is the total potential energy of the

system, £ is the total dissipative energy of the system.

Furthermore, there are virtual work principle and Gauss principle. The principle of virtual
work is another general equation of dynamics derived by Jordan in 1908, of which general

dynamic equation is

an&} (=mi + F)=0 (2.9)
i=1

Where 57 is variable of virtual speed of particle i. In 1829, Gauss derived another form of

general equation of dynamics, which is called Gaussian principle and expressed as

Zn:5i’;-(—mi’;+Fi”):O (2.10)

i=l1

Where o7, is the variation of Gauss acceleration.

2.2.2 Modelling of the Permanent Magnet Synchronous Motor
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Permanent magnet synchronous motor is the mainstream driving configuration scheme

of electric drive vehicles currently, of which structure is shown in Figure 2.2.

Figure 2.2 Permanent Magnet Synchronous Motor Physical Model

On the stator of the permanent magnet synchronous motor, three-phase symmetrical
windings with an electrical angle of 120° in space are installed. The three-phase voltage

equation of permanent magnet synchronous motor in a natural coordinate system is:

u=Ri +L% W gy W (2.11)
dt  dr dr

The corresponding flux equation in three-phase coordinates A, B and C is

wv=Li +y, (2.12)
R 0 0
Whereusz[uA u, uC]T,iS=[iA iy iC]T,l//=[l//A Wy y/C]T,R: 0 R 0],
0 0 R
sin (@t +0)

LA MAB MAC 272_
s Ly My |, v, =y, sin[a)t+6?+?j , 1,,0g,i-1s currents of three-
L

MCA MCB C 472_
sin (a)t +0+ ?j

phase winding, respectively; wu,,u,,u.1s voltage of three-phase winding, respectively;

v Wy Wo 1s flux linkage of three-phase winding, respectively; L,,L,,L. is self-
inductance coefficient of three-phase winding, respectively; R is resistance of motor
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stator winding; M ,, = M, is mutual inductance of stator winding;  , is excitation flux
linkage of rotor permanent magnet pole; & is the electrical angle of the rotor. According
to the principle of motor energy conversion, electromagnetic torque 7, equals to
mechanical angular displacement 8, partial derivative of the potential energy of the

magnetic field, therefore,

1 o .
T, =5pn@(zf w,) (2.13)

The corresponding mechanical motion equation of the motor is:

d
W =TT T, (2.14)

Where p, is pair amount of magnetic pole of permanent magnet synchronous motor, @,

is mechanical angular speed of the rotor, J, is moment of inertia of the rotor, 7, is

fric

friction torque, T;1s load torque.

However, from the equation (2.12) it can be seen that under the natural coordinate A, B,
C, mathematical model of the PMSM is a nonlinear time-varying function of motor
position, which brings much trouble in analysis and control. In order to simplify the
mathematical model under natural coordinate, static coordinate transformation (Clarke
transformation) and synchronous rotation coordinate transformation (Park transformation)
are usually employed. Figure 2.3 illustrates the relationship between ABC natural

coordinate, a-f stationary coordinate and d-q synchronous rotation coordinate.

Figure 2.3 Relationship of the Three Coordinates
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Convert the natural coordinate to the stationary coordinate, i.e. the Clarke transformation,

and according to the coordinate transformation relationship in Figure 2.3, the following

relationship can be obtained:

T T
I:fa fﬂ fo:l =T, [fA fB fc] (2.15)
Where f indicates the voltage, current and flux linkage, etc., T, is the coordinate

transformation matrix, expressed as

| —
| —

[\

]-'33/25 =7 0

No

2

(2.16)

SRR
~ [

Convert the stationary coordinate to the natural coordinate, i.e. inverse Clarke

transformation, which is expressed as

A A A Al (2.17)

Where T, . is the coordinate transformation matrix, expressed as

Lo 2
2
1 3 2
1;5/35 :1;;1/25: _E % % (218)
1B
2 2 2

Convert the stationary coordinate to the synchronous rotating coordinate, i.e. Park
transformation, and according to the coordinate transformation relationship in Figure 2.3,

the following relationship can be obtained:

T T
LS f] =Tl e 1] 2.19)
Where T, ,, is the coordinate transformation matrix, expressed as
| s 6, sind, (2.20)
B2 —sin@, cosé, .

Convert the synchronous rotation coordinate to the stationary coordinate system, i.e.
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inverse Park transformation, which is expressed as

(5 ] =t.n £] (2.21)

Where T,

5.2¢ 18 the coordinate transformation matrix, expressed as

o7 - cosf), —sind, (222)
W Tae T lsing cosé), '

Convert the natural coordinate to the synchronous rotation coordinate, i.e. inverse Park

transformation, which is expressed as

|:f:1 fq fojIT:Es/zr[fA fB fC]T (2.23)

WhereT,

%o, 1s the coordinate transformation matrix, expressed as

I cosd, cos(@e —2%) cos(@e +2%) |

T35/ZT=T35/25-T2S,2r=§ ~sin6, —sin(6,-274) -sin(6,+274)|  (224)

/) /) /)

Convert the synchronous rotation coordinate to the natural coordinate, which is expressed

as

e fo S =Tl 1 #] (2.25)

WhereT,

5.3 18 the coordinate transformation matrix, expressed as

cos 0, —sind, %
T,.=T.,= cos(@e—z%) —sin(@e—z%) % (2.26)

enf259) -sf0+25) ;.

Under the synchronous rotation coordinate, equations of stator voltage and flux linkage

are expressed as

_dy,

u, =

+Ri, -0y,
(2.27)

v, .
u = +Ri +w
dt ¢ T OV
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v, =Li +y.
¢ (2.28)
V,= quq
Combine (2.27) and (2.28), stator voltage equations are derived as follows
z@=lu%i+Rg—@Aﬂ
d’ (2.29)
i
u, =1L, d_tq+qu +o, (Ldzd -H//f)
And then the equation of the electromagnetic torque is transformed as
3T,
Ezip&[%uﬁ—%)+wJ (2.30)

In addition, there are still equations expressing the motion states of the PMSM as follows:

a)e = np a)m

n =20 (2.31)
T

0,=[wdt

Where @, (rad/s) is rotor mechanical angular velocity, n, (r/min) is motor speed.

2.2.3 Modelling of the Torsional Damper

The torsional damper is one of the main elastic parts of the drivetrain, for the conventional
vehicle with engine and a clutch, the clutch and drive shaft (include wheels) are main
elastic components [111]. According to the derivation of dynamic equations of the
conventional vehicle powertrain, input and output of all subsystems of the EV powertrain

are illustrated as in Figure 2.4.

T 0 lamper 0
s Motor ¢ Torsional e o 1
Rotor Damper Transmissior] T
T T p

Jm damper J t Jt
o o0 - 9.
‘J%: Propeller :éj%: Final :é /

Shaft Drive T
Tp T/ d
J
0 —— w O o g (T)
’ Drive Wheel
ce
T, Shaft T O\

Figure 2.4 Input and Output of Subsystems of EV Powertrain
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Considering the working condition of electric vehicle in urban is not quite complicated,
stiffness and damping of the equipped damper are set to linear, and then the dynamic

equation of the torsional damper is established as

T;Iamper = T; = k damper (gm - Hdamper ) + ddamper (ém - édamper ) (232)
Where £,,,., and d,,,.. stiffness and damping of the torsional damper, respectively.

Therefore, substitute it into Equation (2.14) and then equation of motor rotational motion

can be obtained

J, mem = 71 -T fiie |:kdamper <9m - Hdamper ) + ddamper (Hm - édamper )} (2.33)

2.2.4 Modelling of Transmission

Angle relationship and dynamic equation of transmission input shaft and output shaft can
be expressed as

(2.34)

J0 =Ti—d6-T, (2.35)
Where 7, is the ratio of the meshed gears, d, is torsional friction coefficient. Combine with
the torsional damper model, Equation (2.35) can be transformed into:

J =ik

t damper

(gm _gtit)—l—ddanzper (Hm _Qit)jl_dtét _Tp (236)
And Equation (2.33) can be transformed into:

18 =T =Ty~ K (8, =0i)+ d s (6,0 | (2.37)

2.2.5 Modelling of Propeller Shaft

The propeller shaft connects transmission output shaft and final drive input shaft, it is

regarded as rigid with neglecting friction, relationship in motion is obtained as follows:

T =T,6=0, (2.38)
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2.2.6 Modelling of Final Drive

Similar to the transmission and considering friction dampingd ,, dynamic equations of
the final drive can be expressed as
0,=0i, (2.39)
J féf =Ty, - dféf -7, (2.40)
Where i, is the transmission ratio, combine with the propeller model Equation (2.40) can
be transformed as
err =T = df‘gr ~Tii; (2.41)

Combine the above equation and Equation (2.36), dynamic equation of the drivetrain

including transmission, propeller shaft and final drive is obtained as:

e . d,
(‘]t + (l]_sz Ht = it [kllamper (gm - Hl‘ll ) + dl[amper (Hm - glif ):| - (dt + l_ZfJ - Z—'—d (242)
r A A

2.2.7 Modelling of Drive Shaft

The drive shaft is considered as a compliant mechanism, combine with the propeller shaft

model and the final drive shaft model, dynamic equation of the drive shaft is obtained as:

T,=T,=k,(0,-06,)+d,(0,-0,)=k, [i—@w}dd [i—éwJ (2.43)
' ' Ly Ly

Where the stiffness of the drive shaft isk, , the damping isd, .

2.2.8 Modelling of Wheel and Vehicle body

Figure 2.5 shows longitudinal forces of vehicle, equation of vehicle longitudinal motion

based on Newton's second law is as follows

F,=F+F +F

wind

+F (2.44)
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Figure 2.5 Sketch of Vehicle Longitudinal Forces

Where F} is the adhesion, Fjis the rolling resistance, F)is the acceleration resistance,

F .. 1s the air resistance, F;is the slop resistance. Each of them is expressed as follows:

Wi

F, = m(cr1 +cr2v)
F =my

1 , (2.45)
Fwind = _cairALpav

2
F:’ =mg Sin Zroad

Wherev=r 6, , r,is wheel radius, ¢, ,c,,relate to the tire model and tire pressure, c,,

wow?

is air resistance coefficient, 4, is windward area, p,is air density, m is vehicle mass,

Xroaa 18 TOAd slope. According to the longitudinal force characteristics of vehicle, and

ignore the frictional resistance torque, the following dynamic equation can be transformed:

ALparjéj/ - rwm (Crl + C/'ere'w ) - rwmg Sin Zroad (246)

.. 1
(JW +mrj)9£ =1, -—c,

2
Combine the Equation (2.46), Equation (2.43) and Equation (2.42), dynamic equation of
the wheel can be obtained as

(Jw+mrj)éj =k, (i—@w]+dd (i—éw]—(dw+mcr2rj)¢9'w

b (2.47)

1 : .
_5 CairALparviHvi - rwm (Crl + g s Zroad )
Since the moment of inertia of the torsional damper is much smaller than that of the rotor,

the input/output shaft of the transmission, and the equivalent of the vehicle body, the
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elastic torsional damper and elastic drive shaft can be regarded as a system of spring-
damping in series, and then obtain a total equivalent stiffness and damping of the drive
shaft [111,131], the equivalent stiffness and damping of the drive shaft is expressed as

kdam eritzi;' d
o = —damper t f7d_ (2.48)

0.0
kdamperlt lf + kd

2.0
d _ ddamperlt Z_f' d

0.2
ddamperlt lf + dd

(2.49)

For the drivetrain model for control algorithms in the following parts of this thesis, in
order to reduce requirement of computing power, the drivetrain model is simplified with

the above equivalent stiffness and damping. Therefore, the torsional damper model can

be approximated to8, =6,

lamper

in the equivalent model, and then the Equations (2.33),

(2.42), and (2.47) can be transformed to the final drive shaft model [132,133] as:

Jt Jf /) dt df o k gm d gm ]
(Jm+_2+ .2.2]9}11:7—;1_Tﬁ'ic_[?+ .2..2 Hm_ .. .. _Hw . .. _ew (250)
lt lt lf lt lt lf l[lf ltlf ltlf ltlf

(JW erruz)HM2 = k[.@—@w}d(@—éw]—(d’w +mcr2rj)éw
Li Li @2.51)

1
3
5 CairALparv

2 vglf/ _rwm(crl +gSin Zroad)

2.3 Analysis of Drivetrain Torsional Vibration Characteristics

The electric drivetrain is a typical rotational multi-body dynamic model, which includes
elastic and damping components and constitutes a second-order system. Because PMSM
responds the operation command rapidly, it will output step torque to the drivetrain so
that oscillations will come about in the drivetrain, and further it transforms longitudinal
shuftle. Since human body is more sensitive to longitudinal (x) shuffle than vertical (z),
it is expected to change the natural frequency to avoid resonance by tuning parameters of

stiffness and damping, and also attenuate the formant.

Therefore, in this part attenuation of the torsional vibration after introducing the damper
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is analyzed and discussed. In calculating of the natural frequency and mode shape of the
drivetrain, the drivetrain can be regarded as the multi-body system as shown in Figure
2.6. Because of the existence of the transmission ratio, the bodies at speeds different from
the motor speed should be converted into moment of inertia that at the identical speed to

the motor. Parameters of the system are shown in Table 2.1.

J3 5
AL J

i 919
TITT

6

o~

Figure 2.6 Torsional Vibration Mechanics Model of the Electric Drivetrain

Table 2.1 Parameters of the Torsional Vibration Mechanics Model

Moment of )
: Component 0.01kgm? | Stiffness Component kgm/rad
Inertia
Ji Motor Rotor 6 K; Motor to Damper 800
Jo Torsional Damper 0.8 K> Input Shaft of 8500
Transmission

Jz Input Shaft of 2 K; Meshed Gears 4000
Transmission

Jy Meshed Gears 4 Ky Propeller Shaft 9400

7 Output Shaft of 5 X Differential, 5900

.. Drive Shaft

Transmission

7 Differential, 012 X, Wheel to Vehicle 260

Drive Shaft Body

Js Wheels, Equivalent 65 - - -

Vehicle Body

Where the moment of inertia J, that equivalent to vehicle translational mass m is derived

from the conversion formula as follows
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2
g, = (2.52)

Similarly, torsional stiffness K of each component should also be converted into

equivalent stiffness K’ based on the principle of conservation of elastic potential energy,

such that conversion formulas of K and K in Table 2.1 are as follows

k=K, k=K (2.53)

According to the torsional vibration mechanics model of the EV drivetrain, the dynamic

equations are established as

1,0, =K, (6,-6,)+K, (6,-6,)~C,(6,-6,)+C,(6,-6,) =0

J,0,— K, (6, 6,)+K,(0,-0,)-C,(6,-6,)+C,(6,-6,) =0
J,0,~K,(6,-6,)+K,(6,-6,)-C,(6,-6,)+C,(6,-6,)=0 (2.54)
Jsb =K, (6,—0,)+ K, (6,-6,)-C,(6,-6,)+C, (6, 6,) =0

SO, — K (6,—0,)+ K, (6, 0,)~C, (6, —6,)+C, (6,-6,) =0

J,0, - K (0,-0,)=C,(6,-6,)=0

The above equations can be transformed into standard dynamic equation expressed in

matrices, 1.€.

JO+CO+KO=T (2.55)

Where the moment of inertia matrix J , damping matrix C , stiffness matrix K , angular

displacement vector @ , excitation vector T are expressed in Appendix A.

If not consider external excitations and set the damping matrix C to 0, the following

homogeneous equation of undamped free vibration can be obtained:

JO+KO=0 (2.56)
Of which general solution is @ = 6, sin (ot +¢) , with amplitude 6, , angular frequency @,
phase ¢, 6,=[6, 6, 6, 6, 6, 6, 6, ]T . Substitute the general solution in the

Equation (2.56), and therefore,
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(K-0'J)0, =0 (2.57)

And the characteristic equation corresponding to the above equation with non-zero is
|K —’J|=0 (2.58)
The obtained eigenvalues @ are the inherent angular frequency of the torsional vibration

system, and the characteristic vector is the vibration shape corresponding to the inherent

angular frequency.

Take Laplace transform of the Equation (2.55), i.e.
I:JS2+CS+K]@(S):T(S) (2.59)
And the corresponding transfer function matrix:

O(s) _

T(s)

Substitute jo for S in the above transfer function, frequency response function matrix of

(s +Cs+ K] (2.60)

G(s)=

the vibration system corresponding to the EV drivetrain is

-1

H(jo)=|K-Jo + joC ] (2.61)
Where H ( ja)):[HH( jo) H, (jo)---H,( ja))]T, represents frequency response

functions of components in Table 2.1 to motor excitation.

Table B1 in Appendix B illustrates contrast of vibration shapes of the EV drivetrain with
and without torsional damper. As there is no damper in the rigid connection one, freedom
degree is 6, the body 2 corresponds to the body 3 in the system with damper, and so on.
From the vibration shapes it can be seen that when motor output shaft and transmission
input shaft is connected rigidly, resonance amplitude of the body corresponding to vehicle
body is the largest, that means during vehicle runs in low speed, i.e. PMSM works near
the first-order modal frequency, longitudinal shuffle of vehicle body will come about, that

is what should be attenuated.

The model applied in this thesis is equipped a torsional damper as a simple and passive

approach to improve drivability, it performs well in low frequency with no computing
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power consumption. Furthermore, by selecting appropriate parameters of the damper,
inherent resonance frequency can be changed to avoid frequency range more sensitive to

human body in longitudinal direction [134]. Figure 2.7 illustrates frequency response

characteristics H ( ja)) of vehicle body to motor excitation, it reveals response of vehicle

body to motor excitation under consecutive modal frequencies. It can be seen that formant
of vehicle body is attenuated in large scale under low-frequency excitation after equipped
a torsional damper. Therefore, it is reasonable to introduce a torsional damper based on

the elastic logistics vehicle as the model to research in the following chapters.

—— Rigid Connection
al —— Equip a Damper

Amplitude

| B V. |

-1k n

- L I I

107! 10 10

Frequency(Hz)

Figure 2.7 Frequency Response of Vehicle Body to Motor Excitation

2.4 Summary

In this chapter an electric vehicle powertrain model based on the electric logistics vehicle
with 2-speed AMT is established mathematically, which provides the base of the proposed
control algorithms. By analysis of vehicle body frequency response to motor excitation it
is revealed that the first order resonance comes about under excitation from motor in low
frequency and it is close to the range sensitive to human in longitudinal direction. The
resonance can be attenuated by equipping a torsional damper as a passive method to

improve drivability.
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CHAPTER 3: INTELLIGENT PARAMETER ESTIMATION
FOR VEHICLE MASS BASED ON PARTICLE FILTER

3.1 Introduction

Active damping control of torsional vibration for electric drive drivetrain usually requires
parameters and motion states in real-time, but some of them are difficult or impossible to
be measured. Therefore, observer is required to get the unknown parameters or states
based on the known parameters and states, and the estimation of the parameters is also

the base and premise of states observation and active damping control.

Vehicle mass is always indispensable in designing and developing of the vehicle system
controller, however, vehicle varies with passengers and influences controller output and

vibrational characteristics a lot because of the large magnitude.

Table 3.1 Scope of Several Filtering Algorithms Applications

tate Equation Linear, Nonlinear, Linear, Nonlinear,
Observation Equation Gauss Gauss Non-Gauss Non-Gauss

Linear, Gauss KF EKF/UKF/PF PF PF
Nonlinear, Gauss EKF/UKF/PF  EKF/UKF/PF PF PF
Linear, Non-Gauss, PF PF PF PF
Nonlinear, Non-Gauss PF PF PF PF

In this chapter intelligent nonlinear Particle Filter (PF) parameter estimation for vehicle
mass is proposed, which is an intelligent nonlinear, non-Gauss filter and totally break
limitations of Kalman filtering framework as compared in Table 3.1, there are no
requirements and restrictions on the process noise, measurement noise and uncertainty
[135]. Particle filter is a kind of sequential Monte Carlo sampling-based Bayesian
filtering, by predicting and updating sampling from the probability distribution of the
system so that expectation of the parameters to be estimated is revealed approximately

[136,137].
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3.2 Bayesian Estimation Theory

To a kind of nonlinear system described with the following state equation and observation

equation:
w.,) 3.1
Y, =h(X,V,)) 3.2)
Where f and /4 are nonlinear functions, W, and V, are process noise and observation
noise, respectively, and they are independent of each other. According to Bayesian
estimation theory, state estimation is deducing the state X, i.e. p(X, |Y,,) at time t from
the observed information ¥, ={y,,»,---y,} . Assume that the initial value of the state
variable probability density function p (X, ) is known as a priori information, X, ,and¥],
are independent of each other, Y, at time t is independent of the previous value under the

given X, , then p(X, | ¥, )can be derived by the following processes.

Predicting Equation:

X ‘le 1 Ip X, 1Y -1
(3.3)
:JP Xt| t—l) ( XY, l)dXt—l

Update equation:

p(Ythmlel p( Yltl)
p(Y 1Y)

p(Xt|Ylt) (X| t° ltl)_

34
p(1X)p(X,17,.) oD

p(Yz | Yl:t—l)

Where p(X, | X,_,)is defined by motion equation, p(Y,|X,)is defined by observation

equation, p(K Y., ) is normalized constant which as expressed as

p(K|Ylst—l):J.p(Yt|Xt)p(Xt|Y;:t—l)dXz (35)
And then optimal estimation and estimation variance can be derived under minimum

mean square error, i.e.
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X, =[X.p(X,|Y,)dx (3.6)

s, =E[(X, %) (x, —X,ﬂ: [(x,-%)(x.-%) p(x,13)x, @37
3.3 Nonlinear Particle Filter Algorithm

3.3.1 Monte Carlo Integration

Integral calculation is required in solving the Equations (3.3) and (3.4), but integral
calculation for high-dimensional vectors is quite difficult, under the Kalman framework
the system must be restricted as linear, Gauss distributed noise so that analytical solutions
can be obtained, otherwise only numerical methods can be used to obtain approximate
solutions. However, to the nonlinear and non-Gauss systems, Monte Carlo method is very

effective to solve the high dimensional integral problems. Suppose that N sample values

0:t

{X (i)} are drawn independently from the posterior probability distribution p(X | Yu)

of the state, the posterior probability distribution of the state can be expressed as a

summation form according to the Monte Carlo method, which is expressed as:
l N
p =— 5 ) 3.8
p(X, = 21 ) (3.8)
Where & (+) is the Dirac Delta function. For the expectation of the state sequence function
g (XO:t )
E[g(X,,)] =] (X0,) p(X,, |7, )AX,, (3.9)

can be approximated by the following summation form:

e — 1 N ;
E[g(X,)]=+ 2 e(x3)) (3.10)
i=1
At this time, these samples need to be assumed to be independent. According to the law
of large numbers, E[g(X,,)] converges to E[g(X,,)]if N-—>oo; and assume
var [ g(X,, )] < oo, according to the central limit theorem, when N — o, the following

relationship is revealed:
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1/NE[g(X0:t )]-E[2(X) ] > N[ 0,var(g(X,,)) | (3.11)

In the particle filter algorithm, the Monte Carlo method is introduced to take a set of
random sample particles, and by adjusting the weights of the set of sample particles to

obtain the desired information for operation.

3.3.2 Bayesian Importance Sampling

As pointed out in 3.3.1, the posterior probability distribution can be approximated from a

set of discrete samples, according to the law of large numbers, expectation £ |: g( Xy, ):|

can be approximated by £ [ g( Xy, )] as long as the amount of sample particles N is large

enough. However, p(X,, |, )is usually multivariate and non-standard, it is difficult to

draw samples directly.

The commonly used solution of this problem is introducing a reference distribution which

is a known reference probability distributiong (X, |Y;,)and easy to sample. Based on

this probability distribution it can be obtained that

E[g(x,)]=] g(m%q% 7, )ax,,

Jelr) M o,y par, G
=] g(Xo:z)%q(Xm %, )dX,,

)

Where o, (X, ) is unnormalized importance weight expressed as

): p(Yu |X0;t)p(X0:t)

X,
wt ( o q(XO:t | Yizt)

(3.13)

Transform the Equation (3.12) into
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!
ng

1t

Ig Xo

Elg(X,,)]

)Q(Xo;t |yl:t)dX0
) ( 0t|y1t)

jp (% 1 X,,)
:Ig 0:

p ont) ( 0:¢ | lzt)dX

q(XO:t ’ Yl:t) "

) (XO., |y1.,)dX

(3.14)

j o,
Eyan,) [a’r

(Xo, Y, )dX

(Xo,) ]

E L@ (

Xo.)]

Where E

o(e1%) indicates expectation under the known probability distribution g (X or | 10, ) ,

AN
from which samples {X él,)} are obtained, then the expectation can be expressed as
“Ji=l

. (3.16)

3.3.3 Sequence Importance Sampling Based on Markov Process

Because Bayesian importance sampling requires the whole information of Yi. for

estimation of p(X,, |Y, ), and the importance weight of state sequence should be

recalculated after observation information is updated each time, so the number of
calculation increases with time. By introducing the Sequence Importance Sampling (SIS)
recursive importance weight can be constructed at time t+1 without changing previous
state sequence. The introduced probability distribution can be transformed into:

X)[Ta(X,1%,..¥,)

J=1

q(Xo | %) =4 (3.17)
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Assume that the system states conform to the Markov process, all observed samples are

independent of each other, therefore,

P(X,)=p(X)Tp(X,1X,.) G.19)
p(%,1%,)=11p(7 1%)) (.19)

Then the sample set {Xét) 1} from the probability distribution ¢(X,,_,|Y,_,)and the

N
sample particle X t() from q(X | X1 1;) can constitute a new sample set {th) } L

Substitute the Equations (3.19) (3.18) and (3.17) into the Equation (3.13), recursive

weight formula is obtained:

LX)
t q(Yl:t|XOZt)
( X0, )p(Xo:z)
(X | Xosr Y )Q(Xo:z71|Yl:z71)
p( 1;;|X0:t) p(XO:t) 1
Hp(K;;71|Xo;t71)p(Xo;t71) (X | Xo15 lt)
r(Y 1 X,)p(X, |X_1)

(3.20)

. (X |X0t 12 )

Figure 3.1 Model of the State Space

If the estimation of system states is optimal, (X | Xy, 1,1, t) (X | X, t) because

probability distribution ¢ only depends on the X:.; and Y, in previous moment as illustrated

in Figure 3.1. But the real distribution p(X, | X, ,,Y,) is usually impossible to be known,

therefore, the suboptimal estimation ¢(X,|X,, .Y, )=p(X,|X,,) which can be

55



Chapter 3: Intelligent Parameter Estimation for Vehicle Mass Based on Particle Filter

achieved easily is applied in common, then the Equation (3.20) can be transformed into

o, =o_p(Y|X,) (3.21)

3.3.4 Particle Resampling

In order to avoid degeneracy problem caused by importance weight concentrating on a
few particles after several generations, an effective approach is resampling, i.e. increase
the number of particles with larger weights and eliminate particles with smaller weights

as illustrated in Figure 3.2. Before the resampling, the set of sample particle and

- oht is Ly "
corresponding weight is {X , 0, }_

! =1

N
, and it becomes {X t("),%} after resampling. Area
i=1

of each circle in Figure 3.2 represents the weight of different particles. For a certain
particle, weight is a)t(”) before resampling and it will be divided into many particles after
resampling, the small ones are eliminated. Amount of the particles keeps constant in the

whole process of resampling and all particles are set to the same weight 1/N after the

process.

N\ & N\

-/ N\

O

Figure 3.2 Principle of Resampling

The realization of resampling is similar to the “Roulette” as shown in Figure 3.3, use the
generated random numbers to draw particles, the more weight the particle has, the more
likely it will be drawn, after N rounds a new generation of particles with the amount of N
is obtained, and then set weights of all the particles 1/N, this is so-called systematic

resampling.
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n—1

Figure 3.3 Roulette Principle of resampling
The specific of the systematic resampling process is as follows:

(1) Divide the interval (0,1] into N continuous complementary intervals, i.e.
1 1 2 N-1
0,11=0,—]u(—,—]u-(—,1
(©0:1=( N | (N N ] ( N ]

(i—1)+,u

(2) Generate a set of random numbers, u, = S~ U[O,l],i =1,2,---N, where

U[a,b]represents uniform distribution over each interval [a, b].

m—1 ) m )
(3) If the random number 1 u, meets requirements of Z a)t(’ ) <ul,Za)t(’ ),i =L2,---,N,
Jj=1 j=1

then replicate the m™ particle X", i.e. X = x")

t t

(4) Initialize the weight a)t(j J=1/N , then the new particle set {AA’ Di=1,2,---,N } is

t

obtained.

The principle of particle filter sampling can be summarized as the following steps and

illustrated as in Figure 3.4:

AN
(1) Draw N random samples {X t(il }iZI from the reference probability distributionq(X )

and set weight of each particle to 1/N.

rX)

q(X,)

(2) Calculate importance weight of each sample X, t(i) and make a)t(i) oc
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ce g . . . ~ (i) @, (X(()lt)
(3) Initialize the importance weight, i.e. @, (X o ) =

NNV
(4) Resample the discrete set {X ,(il} for N times, and make the probability of each
i=1

particle X t(i) being resampled to be proportional to its weight cT)t([) .

{ X0 "

12 1 }
1+ .

uonnqrusig
YSOM

Sundweg
doueproduy

Surdwesoy

Figure 3.4 Process of Particle Filter

3.3.5 General Algorithmic Flow of Particle Filter
General algorithmic flow of particle filter can be summarized as follows [138].
(1) Initialization, t=0

For i=1:N, Draw the initial X\ from the prior probability distribution P(X,).
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(2) For t=1:T

(1)

(i)

(111)

(3) End

Importance Sampling:
For i=1:N, draw X ~ q(Xt |X(()ft)_l,){:t), and set X\ =(X(f )A((i)).

For i=1:N, recalculate weight for each particle:

Resampling

Generate N samples randomly from the distribution p(X é‘t) |Y,, ) and calculate

the weights, replicate or eliminate the particles )A((()'t) according to the

normalized weights &, (X é’t)) :

)

For i=1:N, reset the weight and assign them uniformly a)t(i = aN)t(i) % .
Output

The output of particle filter algorithm is a set of sample points which can be
approximately expressed as a posterior distribution as

N

R 1
p(XO:t ‘ Yl:t) ~ p(XO:t | Yl:t) = Nzé‘(x(z))dXO:t

i=1 0

3.4 Particle Filter- Based Nonlinear Vehicle Mass Estimation

3.4.1 Discretization of Nonlinear Continuous Systems

In this thesis Euler method is applied to realize discretization of nonlinear continuous

systems. Euler method is widely used in engineering practice because of the simple form,
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less calculation and easy implementation. Although accuracy of Euler method is quite

high, it can be improved by shortening the step size. For the first order system:

d
a7 (3.22)
x(to) =X,

Where the function f (t, x) of x meets requirements of Lipschitz. From the initial moment

to on, in the time domain there exist t1=to+h, L=t1+h, -, ta+r1=tat+h, h is the step. Suppose
that x is infinitely differentiable at z, then Taylor series forx(t)near tn can be expanded as

) no W
©{t) =0 () £ 5000 )+t (1) o
: : (3.23)

2

:x(zn)+hf(zn,x(t,,))+’;_!x(tn)+...

Take the linear part of 4, and use x, to approximate x(tn) , then formula of Euler

approximation can be expressed as

X, =X, +hf (¢,,x,) (3.24)
2 hk
Of which truncation error is R, = —X(tn ) oot — Y (tn ) e
2! k!
AY
0

Figure 3.5 Principle of Euler Discretization

Geometric meaning of the Euler method is shown in Figure 3.5, from the point Py draw a

straight line with slope f (xo, yo) and intersects x = x, at the point £ (xl, yl) , use the
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ordinate y, of point P; to approximate y(x] ) ; from the point P; draw a straight line with
slope f (xl, yl) and intersects x = x, at the point P, (xz, yz) , and so on. Therefore, the

polyline BB P,PF, ---is the discrete approximation of y = y(x).

3.4.2 Estimation of Vehicle Mass

Assumption: Motor equipped in electric vehicle performs well, error of torque output

and driver’s command can be neglected.

Vehicle mass estimation is based on the discrete vehicle longitudinal dynamic equation
after forward Euler approximation. Transform the longitudinal dynamic equation in

Chapter 2 into the following form to make it more intuitive:

Tiin C.A 1 du
m-g 0 DAL 2 : a
= u, +mgf cos +mg sin +—m 3.25
r, 2115 ¢ Hroad TIE S Lroad 37 175, G.25)

Where fis the rolling resistance coefficient, for small vehicles it can be derived from the

empirical formula in Equation (3.26); C, is air drag coefficient, 4, is windward area,

Xroaa 18 TOAA 8lOpE, 1, 1s total gear ratio, 7, is wheel radius, u,(km/h) is vehicle speed,

m 1s the vehicle mass to be estimated.

ua ua )
f—f0+fl(ﬁj+f2(loo] (3.26)

In order to estimate the parameter, it is usually regarded as a state of the system as well,
but is non-time-variable, i.e. i1=0 . Therefore, the state vector can be selected as
x=[x x] =[u, m] . input signal is selected as u =7, . Then the longitudinal

dynamic equation of (3.25) can be transformed into the following equation:

i
X, =3.6 —%fo +-£ Oniu—gfcos;(md —gsiny,, ., (3.27)
21.15 x, r, X,

w

It is a nonlinear continuous system, but parameter estimation depends on a discrete model

describing the state progression from the current moment to the next moment, i.e.

x(k+1) = f(x(k),a)(k),u(k)) , Wherex(k) is state of the system at a moment, a)(k) 1S
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process disturbance or uncertainty, u(k) is the input information. According to the

forward Euler approximation [139,140], the Equation (3.27) can be transformed into the

following discrete state space model:

k)+3.67 | — =22t F(k)+E2
[xl(kil)} % (k)+ [ 21.15 xz(k)xl( )* r xz(k)uJ

5 (k) x, (k) W (3.28)
. {3-67; (~8f €08 7,0y = € 5i0 7., )}
0
And the corresponding observation equation is
y(k+1)=x (k) (3.29)

Where T is the sample time.

In this research, vehicle mass is estimated mainly aims to load calculation for powertrains,
given electric vehicles are usually not driven in terrible road conditions, change of

resistance of powertrain mainly comes from vehicle mass variation, variations from

rolling resistance and road slope parts gf cosy, , +gsiny, , can be regarded as
uncertainties the process uncertainties a)(k) , if the road slope changes in large scale it can

still be converted into equivalent vehicle mass. Furthermore, consider the noise v(k) from

measurement state and observation models of the vehicle mass estimator can be obtained

as follows:
6 (k)] | (k) ra6r| ot L gy 0] uJ o(k)
Lz(kﬂ)} [ 21.15;:2/13 r, x,(k) { 0 } (3.30)
y(k+1)=xl(k)+v(k) (3.31)

3.5 Simulation of the Vehicle Mass Estimator Performance

The vehicle mass estimator program is triggered at vehicle start-up and acceleration,

based on the discrete state equation and corresponding observation equation of the
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longitudinal vehicle dynamic equation, and the designed particle filter, model for
simulation is established in Matlab as in Figure 3.6, which mainly includes motor output,
drive resistance, vehicle longitudinal forces and particle filter. In the simulation some
critical parameters are set as in Table 3.2, and operations with several loads are selected

in the simulation.

mis  kmih E True
[Estimated_v] [Estimated_m] > Parameter Estimation
Estimated_v]
xhat <[Estimated_m]
motor_Torque » StateTransitionFcninp)
L, i
vehicle_mass » Particles
elocity
road_slop » »(+, y1
resistance_coefficient >
N Particle Filter
— Measurement Noise
Longitudinal model
km/h m/s

Figure 3.6 Simulation Model for Vehicle Mass Estimation

Table 3.2 Critical parameters in vehicle mass estimation

Vehicle Parameter Value | Estimator Parameter Value

Vehicle Mass (empty) 1500kg | Particles Amount 1000
Vehicle Mass (rated) 2500kg Particles Mean 1500
Total Gear Ratio 20.12 Particles Variance 100000

Wheel Radius 0.309m Sample Time 500ms

The simulation results demonstrate vehicle speed tracking, mass estimation and 1000
particles distribution with vehicle masses of 1500kg, 1900kg, 2500kg (including a driver).
In this part, all groups of test are under the same operation that at start-up time and the

motor is ordered to output SONm.

Figure 3.7 (a) is tracking performance of the observation signal y(k), i.e. vehicle speed
tracking, which serves posterior probability distribution for the particle filter. Figure 3.7

(b) shows performance of vehicle estimation, since the initial particles distribution covers
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the real vehicle mass but with a large variance, overshoot appears in the initial stage but
it can converge towards real vehicle mass directly and keeps steady soon as the estimation
process going on, in Figure 3.8 it concretely reveals 1000 particles distribution and

convergence over time.

30 T T T T T T T 1650 T T T T T T T
254
=) 1600 R
§ 201 1
< < 1550~ 1
3 2
o 154 4 <
& > = 1500 1
[3) 2
5 10+ 1
= 5 1450+ 1
2 >
> 54 Real 1 Real
Tracking 1400+ Estimated|
0+ 4
T T T T T T T 1350 T T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time (s) Time (s)
(a) (b)

(a) Vehicle Speed Tracking (b) Vehicle Mass Estimation

Figure 3.7 Vehicle Mass Estimation Performance When m=1500kg
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Figure 3.8 Particles Distribution in Time Sequence When m=1500kg

Within the normal load range (such as m=1900kg, m=2300kg), the vehicle mass estimator
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performs similarly as can be seen in the Figure 3.9~Figure 3.12, the initial particles
distribution still covers the real vehicle mass but near to the upper edge of particle
distribution, with acceleration of the vehicle, convergence of the estimated mass shows
an obvious directivity which converges towards the real vehicle mass without overshoots,

after several seconds all particles cluster near the real vehicle mass.
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1
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Figure 3.9 Vehicle Mass Estimation Performance When m=1900kg

3000 T T T T T

2600 .

Particles

.
0 5 10 15 20 25 30
Time (s)

Figure 3.10 Particles Distribution in Time Sequence When m=1900kg
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Figure 3.11 Vehicle Mass Estimation Performance When m=2300kg
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Figure 3.12 Particles Distribution in Time Sequence When m=2300kg

When vehicle mass comes to the upper limit as shown in Figure 3.13 and Figure 3.14,
performance of the estimator also reaches the maximum under the current amount, mean

and variance of particles, and the particles distribution converges to the upper bound at
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this moment. Solution to this issue is increasing amount and expand variance of the

particles so that the range of the estimator is augmented.
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151 2600 1
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Figure 3.13 Vehicle Mass Estimation Performance When m=2500kg
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Figure 3.14 Particles Distribution in Time Sequence When m=2500kg
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3.6 Summary

This chapter is aiming to find an intelligent method to estimate vehicle mass without
knowing or supposing statistical characteristics of noise and uncertainties in advance,
therefore, nonlinear particle filter is introduced. Particle filter is a kind of Bayesian
recursive estimator based on Monte Carlo method, it uses the probability distribution of
particles and expectations of the samples to approximate the real parameter rather than
deriving an analytical solution exactly. Particle filter breaks framework and limitations of
Kalman filter so that the system doesn’t have to be linear and subject to Gauss distribution,

and information on noise or uncertainties is not required.

Based on the discrete vehicle longitudinal vehicle dynamic equation after Euler
approximation, state equation and observation equation of vehicle mass estimator are
established with vehicle mass constituting the state vector. Performance of the proposed
vehicle mass estimator is tested by operation of start-up and acceleration with several
masses. From the estimation results and particles distributions, the estimator is

demonstrated that the estimation results can converge to the real values effectively.
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CHAPTER 4: NOVEL SLIDING MODE OBSERVER FOR
MOTION STATE OF ELECTRIC VEHICLE DRIVETRAIN

4.1 Introduction

In dynamic control for vehicle not only system parameters are required, but also various
motion states, which are obtained usually and directly is equipping some sensors to offer
information to the controller. However, in practical application, it is always limited by
cost, space requirement, working condition and even some states are not measurable at
all. As the development of control theory and improvement of computing ability of the
hardware processor, observers that use the measurable states to estimate the unmeasurable

states are introduced by many automotive producers.

In application of vehicle dynamic system, the observer is required to be simple in the
formula, fast convergence to real values, accurate in signal tracking and sometimes
nonlinear. Compared with methods such as pole placement, least squares, and Kalman
filter, sliding mode algorithms is simple in form and suitable for nonlinear systems with

less computing consumption, it is one of the ideal choices in vehicle system.

An accelerated second order super twisting sliding mode observer with an adaptive gain
is proposed for a typical nonlinear system in this chapter. The key contribution of this
algorithm is that the rate of convergence of observation error is accelerated remarkably
by introducing "system damping". Chattering issue is attenuated with satisfactory
performance compared to conventional sliding mode observer. The novel observer is
proven mathematically to be convergent in a finite time. The proposed novel sliding mode
observer is applied to observation of the torque in drive shaft so that it can avoid the
elastic potential energy accumulated in the elastic driveshaft being released suddenly after
shifting, and shock or torsional vibration will be avoided further. Moreover, it also

provides indispensable information to the following chapter.
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4.2 Accelerated Adaptive Second Order Super Twisting Sliding Mode

Observer

4.2.1 Observability Criterion for Nonlinear Systems

Observability is the premise of observation for all systems, observability criteria are given
in modern control theory. For the following n-dimensional nonlinear system:
{*(t) = f(x(1),u(r))
(1) =h(x(r).u(7))

Where x =[x,,x,,---,x,]" is the state vector; y=[1,1,,--»,] is the observer output

(4.1)

vector; f is a smooth vector field in space R". The Lie derivative of & with respect to f

is defined as

L, h(x,u) _Ihxm) o) (4.2)

ox

And corresponding successive derivatives are:

Eofh:h
0
[
thza(ﬁ.ofh)f
4.3)
Loh= i(Lfflh)f
f ox f
Define the matrix
iéﬁh iéﬁh igj‘ihw
2 ox, X, ox,, }
L’};hl i[‘h igh igh
0-21|“r =| o, 7 x, ox, ‘ (4.4)
ox :
471}, = 0 0 0 | }
| =<'h —Lh - — LR
| Ox, ox, ox,, |

X=X
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The above equation is the observability matrix, if Rank(O) =n, the system of (4.1) is

local observable over a neighborhood of x;, .

4.2.2 Principle of Sliding Mode Variable Structure

Sliding mode control is a variable structure control which is different from other control
algorithms because of the discontinuity, a time-varying discontinuous switch function is
introduced in the algorithm to make the system to vibrate up and down along the expected
state trajectory in high frequency, i.e. sliding mode motion. Such sliding motion can be
designed and doesn’t relate to the system parameters and disturbance, therefore, the

sliding motion state is robust [141].
Generally, in the state space

x=f(x),xeR" 4.5)
There exists a sliding manifold s(x)=s(x,,x,,---x,)=0, divide the space into two

sections: s >0ands < 0 ; the system trajectory has three kinds of motion conditions on

the switching surface as shown in Figure 4.1.

Figure 4.1 Motion of the System Trajectory Along the Sliding Manifold

A is the point where the system trajectory moves to the switching manifold s (x) =0and

passes through; B is the point where the system trajectory moves close to the switching

manifold s (x) = 0 and leaves to both sides, it is the starting point; C is the point where the

system trajectory moves close to the switching manifold s (x) =0and goes toward to the
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sliding manifold from both sides, it is the terminal point. In the sliding mode variable
structure, the points of a certain area of the switching manifold are usually the terminal

points, and the system trajectory that goes close to the area will be attracted. When the

trajectory goes close to the sliding manifold s(x) =0, the following characteristic exists:

limss <0 (4.6)

x—0

The above equation provides a necessary condition of Lyapunov stability in form of
2 P .. . . 2

V(X% %) =] 5(x.x,,-+,x,) |, because it is positive definite but derivate of s
according to (4.6) is negative semidefinite, sov(x)is not an increasing function near
s(x)=0, then the system is stable at s(x)=0 as long as (4.6) is meet. Hence, for such systems
x=f(t,x,u),xeR", ueR" 4.7)
There exists a switch function s (x) , by solving the Equation (4.8) the trajectory out of

the sliding manifold will converge to the sliding manifold and keep steady in finite time,

that is the sliding mode variable structure.

u (x s(x)>0
u= (x) (x) (4.8)
u (x) s (x <0
Where u* (x)#u(x).
4.2.3 Accelerated Adaptive Super-Twisting Sliding Mode Observer
For such type of nonlinear systems
x" (1) = f(t,x,u)+5(t,x,u) (4.9)
And it can be transformed in the following state equations
X =X,
X, =X
2 (4.10)

x,g") = f(t, X, u) + 5(t, X, u)
The observation vector, real state vector, and observation error vector of the system state

are denoted as:
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Divide the state vector into x, and x, according to whether the state variables can be

directly measured by the sensor, then the state equations are degenerated into

X, =X,
)'cz:f(t,x,,xz,u)+5(t,x],x2,u) (4.12)
y=x

Where x, is the measurable variable, y is the system output, u is the system input,

f(t,x,,x,,u) is the model function of the system. &(7,x,,x,,u)is the disturbance and

uncertainties.

Assumption 1. The system f (t, X,u) in Equation (4.12) is a continuous function that is
not known with high accuracy, but its uncertainty &(¢,X,u) is bounded by Z, >0, the

uncertain system can be expressed with a model function f (t, x,u) so that

f(t,x,u):f(t,x,u)+§(t,x,u) , where |§(t,x,u)|£E :

Assumption 2. The disturbance 6 is bounded, |0 | <A,A>0.

Based on the regular sliding mode observer

X =% +ksgn(x - %)

T . . (4.13)
%, = f(t,x,%,,u)+k,sgn(x, - %)
And corresponding observation error
X, =%, —k sgn(%
S (%) L ‘ ) (4.14)
X2 = f(t,xl,xz,U)—f‘(t,X],XZ,U)'Fé (t>x17x2>u)_k2 Sgn (xl)
The Lyapunov function is selected as follows
N
L(%)=5% (4.15)
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Hence, according to the Lyapunov stability criterion:
—(—x] ]:x]fcl =% (%, —k sgn(%)) (4.16)

If the k, is large enough the Equation (4.16) will not be positive so that the state variable
X, is asymptotically stable and %, ~ );51 ~(0 at this moment. According to Filippov

transformation and introduce £=0|1, the Equation (4.14) is equivalent to

{fq =e(%, +k)+(1-¢)(% k)

.. (4.17)
X, =f+8+ek,+(1-¢)(-k,)

In the neighborhood of the sliding manifold, X, conform the following relationship:
X, =f+6-"2%, (4.18)

By solving the above equation, it can be obtained that

%xz—(fm‘)‘:e 1 (4.19)

.. ki (~ .. :
Therefore, x,will converge to k—‘( f +§) as long as kk, >0, thex,is asymptotically
2

stable too. The more precise the observation model function and the less disturbance the
system suffers, the more accurate the estimation of the observation state is. The more

accurate and less disturbed the observation model function is, the more accurate

observation vector x, will be.

In order to attenuate the “chattering” problem, high-order sliding mode and adaptive
sliding mode gains are introduced to improve the accuracy of the tracking for desired
sliding manifold, and the “system damping” is introduced as well to accelerate the
convergence of observation trajectory towards sliding mode manifold. Therefore, the
proposed Accelerated Adaptive Super-Twisting Sliding Mode Observer (AASTW) is

expressed as

74



Chapter 4: Novel Sliding Mode Observer for Motion State of Electric Vehicle Drivetrain

X =0 (x,—%)+%, +hkJ]x, - %] sgn(x, - %)

. . (4.20)
%, =a, (x =% )+ f(t,x,%,,u)+k,sgn(x, — %)
And corresponding observation error equation
X =—aX +%, —kJ|%|sgn(%) 421)

X, :—az)?lJrf(t,xl,xz,u)—f(t,xl,.%z,u)+5(t,xl,x2,u)—k2 sgn (%)

Where ¢, is positive constant value, and X is the so-called “system damping”, the k, and

k, are adaptive gains defined as

c U‘lz Sgn(|xl _)%l|_lul,2) kl,z > K,
kl,z =1

(4.22)
LO ki, <K,

Where 4, ,, 4, ,, and k are constant values, butx cannot be a small arbitrarily value and it
should be selected according to the limit of &, which will be discussed in the following
text. win (5) plays a role as a detector, when the estimation error X, comes through the

limit|)”c1‘ < u, the adaptive gains will reduce dynamically and start a fine tuning phase, so

that overshoot of the trajectory can be further weakened until it leaves this domain as

illustrated in Figure 4.2.

Sliding patch \\\\\\\\\\
N Nonadaptive gain
u A\
,/f””””’ \\\\\\\

Adaptive gain

Figure 4.2 Sketch Map of Adaptive Gain Effect

Lemma. The adaptive gains k, and k, in Equation (4.22) are bounded.
Proof. (i) If k,comes into the interval k, , <k ,, it is a constant value.

(i) If &, 1s in the interval & , >« ,, integrate both sides of Equation (4.22) and obtain
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the solution of the differential equation
kl,z zk(to)iﬂ’l,z °Z, te[t(),tf] (423)

Therefore, in a finite time domain £, , is bounded, the Lemma is proven.

Theorem 1. Based on Assumption 1 and Assumption 2, the proposed observer in

Equation (4.20) and Equation (4.21) for nonlinear systems in (4.9) can drive the

estimation errors (%,%,)—(0,0) in finite time.

Proof. All kinds of observers are always affected by noise or disturbance in engineering
practice, so robustness plays a critical role in the performance of the observer, this proof

is based on Davila's proof method [142] and noise or disturbance is taken into

consideration. Let F(x,x,,%,) :f(t,xl,xz,u)—f(t,xl,fz,u)+5(t,x1,x2,u) It s
bounded according to Assumption 1 and Assumption 2, there exists a constantFy, F, >0,
such that |F (x.x,, %, )| < F,, the Equation (4.21) can be transformed into

X =—a % + %, — k|5 | sen (X)) o
)LCZ :—0(2)?1+F(t,xl,x2,fcz,u)—k2 sgn(fl)

k, , 1s adaptive as shown in (4.22) on the premise that it satisfies the following inequalities.

2 (k,+F+A)(1+p)
k,—F, 1-p (4.25)
k, > F,

where p is a constant value, p€(0,1), A>a,% . Therefore, such relations can be

obtained as follows:

X =-af + X, —kJ|%|sgn(%)

. (4.26)
X, € [_E)7E)]_O‘2)~C1 —k,sgn (%)
X, =—a,% + %, —11{, Ll 4.27)
|x1|

and further
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~ ~ 2 1 ~
5 e[-FLRl-af - af + Sk Ltk sgn () (4.28)
X
g0
I
X
\J "
) —1II
ilM ‘
I1I

Figure 4.3 Sketch Map of Majorant Trajectory for the Observer

A graph of (4.28) can be drawn partially for the region [0, %, } as in Figure 4.3 shows.

Set the initial conditions, X, =0, x, = )?1, x,=0,thus X, =x,.

(1) If the initial value of x,is positive, the trajectory will enter into right half-plane.

Otherwise, it will enter into the left half-plane, and in this article the former condition is

discussed. When the trajectory goes in the first quadrant it is confined between X, =0,
%,=0 and curve I )'?'IWZ—(k2 —Fg), let (x]M, 0) indicate intersection point of X,=0

and §1m%=—(k2—E)) , (O, );cl ) indicate intersection point of X =0 and
0

X = (k2 -F, ) , it is easy to get )?120 = 2(k2 —E)))EIM by integral calculation. Therefore,

Tmax
the following inequality can be seen.

1, %

X <F —a,% —k,sgn (%) - % ——k, <0 (4.29)

5|
When the trajectory moves towards )Lcl =0, it can be described by the following equation.
5 =2(k,-F)(%, -%) (4.30)

Then it transits through );cl =0, and enters the forth quadrant and moves towards X, =0.
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If X =0, % reaches the minimum value as (4.32) by solving (4.31).

X =F(t.x,x,.%.u)-a,% - alfc,+lk +k, [=0 (4.31)

N
1\/@
j:él = 2\/_ |:F tx]a-xp-xp )_kz_azfl}

e, Jl5] 4k, 432)

2 . -
> y ‘le | (FO +h, +a,x, )
1
Therefore, the trajectory in the fourth quadrant is confined between ¥, =0, %, =0, % = X,
(line II) and X,= —(2~1/ > [k, )(FO +hy + o, %, ) (line I1I). Given the condition (4.25) and

)?120 =2(k,—F, )flM , it is easy to derive the conclusion as follows.

‘xl | Fy+k, +a,%, (1- p)(F +hy + o, ) 1-p
| f\/k—F (i p)hrhorn) 1p O

It can be observed that the point of intersection between the trajectory and X, = 0 is getting

closer and closer toXx, =X, =X, =0.

(2) If the initial value of'x,1s negative, the trajectory will enter into left half-plane and

move as mirror of the right half plane. Equation (4.33) is also established, the proof'is left

out here.

The above process can ensure the observation states (fcl X, ) converge to X, =X, =0; for¥x,,

according to the first equation of (4.26) when x, = )Lc, there will existx, = )Lc] at any time.
Furthermore, from the second equation of (4.24), it can be obtained that:
= -0, % tF (x,,x,,%, ) —k, sgn (%))
—0, % +F (x,%,.%,)—k, >0 (4.34)
B {—azfcﬁrF(xl,xz,)%z)Jrkz % <0
Therefore,

0<k,—F,<|%|<k+F, (4.35)
Let 7, indicate one time interval between successive intersection points of the trajectory
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and X, = 0, integrate (4.35) over a small time interval, thus

5!

,”)ch ‘dt - |'%2|t:[, +|'%2|¢:,2 = ‘x1‘|+|);clf+] Z (kz _Fo)ti (4.36)
h
1 < )27“ (4.37)
2 (kz —F )
and the total convergence time is
T=374<3 5] (438)
i=0 i=0 kz -F

It can be seen that the total convergence time is limited because of the decreasing‘fc1 ‘as

derived in previous text, therefore, the observation errors can converge in finite time,

theorem 1 is proven.
Theorem 2. The proposed observer is stable.

Proof. Select the Lyapunov function in the Equation (4.15), of which partial derivative is

g(lifj —eé=%% =%, [—alfc] +%, — k(|7 sgn (% )] (4.39)
or\ 2
= X, -
oL|1x | +—F/—= X <0
k> o \/|’7_1| | (4.40)
| a, |)z,|—\/’%| %<0 |
xl
f2
=0 4.41
5—0.5,-0 '§1| ( )

If k, meets the requirement of expressed as (4.40), L(%, )+L(%)<0 can be realized and
the observer is stable. When the estimation errors()?l,iz)reach a small neighborhood of
the origin point(O, 0) and consider the (4.41) based on the infinitesimals of the same order

theorem, 3k >1, reR", it makes L(F )oL(%)<O0, theorem 2 is proven.

Remark 4. By introducing the “system damping” ax, attraction of error trajectory is
enhanced.
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Consider the system in (4.21), in the sliding patch X, = 0, there exist relations as follows.

5 <k & +ex >0
’ (4.42)
%>k 5] +af %<0

As illustrated in Figure 4.4, by introducing the “system damping” &, , region of direction

attraction is extended, so that trajectory is attracted toward (0,0) earlier.

Xy
A
- ~ |2 ~
X, =k, ‘xl‘ +o,x
Extended Region of
Attraction
/ > = |2
Y X,=k, ‘xl‘ ~
- = > X
%__hyd
- ~ Y2 ~
xX,=—k, |xl | + X,

Figure 4.4 Effect of Damping on Reachability

4.2 .4 Observer Performance Test

In this section the proposed novel sliding mode observer is tested comparing with several

typical sliding mode observers in Table 4.1 in terms of convergence time and chattering

conditions. The initial value of (fcl X, ) is supposed to be (10,10), and they are calculated

for the same duration with identical sample time 100s.

It can be observed in the following figures, the conventional sliding mode observer in

Figure 4.5 takes the longest time to converge the estimation errors to 0 because of the

longest spiral trajectory and when the errors are getting close to (0,0) chatter occurs
intensely.

Table 4.1 Comparisons of Several Typical Sliding Mode Observers
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SMO Type Observer Equations Parameters Setting
~ :’.., —k :-T
SMO {xl " 1Sglj(xl) k=1 k=1
X, =—k, sgn(%,)
STW {fc‘ =% ki sen(#) k=1 k=1
X, =—k, sgn(%))
= 5 —k T~ ~
AcSTW {xl a‘xjﬂz ‘ |~x‘|sgn(x') k =1,k =1,0=1,0,=1
X, =—o,% —k,sgn(X))
AASTW {x =% k(%) I)"fll sen(%) Kk (%,)=1.k(%,)=1,4 =001, =001
X, =—k, (% )sgn(%)
. o o ) k(%) =1,k (%,)=1,0=1,a,=1
AASTW X =—-a%+% -k (.xl)Msgn(. )
X, =—a,% —k, (% )sgn (%) 1 =0.01, 2, =0.01

(a) (b)
(a) 3-D View (b) Planar graph of upward view

Figure 4.5 Observation Error Convergence of Regular Sliding Mode Observer

The super-twisting sliding mode observer in Figure 4.6 performs much better, time
consumed for estimation errors convergence is reduced significantly and much less

chattering hinders the rate of convergence.
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(a) (b)
(a) 3-D View (b) Planar graph of upward view

Figure 4.6 Observation Error Convergence of Super-Twisting Sliding Mode Observer

10

(@) (b)

(a) 3-D View (b) Planar graph of upward view

Figure 4.7 Observation Error Convergence of Accelerated Super-Twisting Sliding Mode Observer

As can be observed in Figure 4.7, by introducing a “system damping” to accelerate the
super-twisting sliding mode observer, convergence time is reduced further with shorter

trajectory towards to the (0,0) point and with little chattering.
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Figure 4.8 Observation Error Convergence of Adaptive Super-Twisting Sliding Mode Observer
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(a) 3-D View (b) Planar graph of upward view
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Figure 4.9 Observation Error Convergence of Accelerated Adaptive Super-Twisting Sliding Mode

Observer

In Figure 4.8 it reveals that by introducing the adaptive sliding mode gains the

convergence is also accelerated that is because the larger observation error is, the larger

sliding mode gain is, but when the trajectory closes to (0,0) the chattering depends on

adaptive gains configuration of the adaptive sliding mode gains. The proposed accelerated
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adaptive super-twisting sliding mode observer in Figure 4.9 performs the best, the
trajectory achieves (0,0) almost directly so that the rate of estimation errors convergence
is accelerated effectively. From the partially enlarged view superficially it seems that both
STW and AASTW do not bring obvious chattering when the estimation errors get close
to the origin, that is because all sliding mode observers are tested in the same time period
with the same sample time, trajectory of the proposed AASTW reaches close to the (0,0)
point firstly and keep iteration but the others are still on going so that chattering of
AASTW is accumulated in the remaining time, but the proposed AASTW can make the

observation error converge to a required extent first with no doubt.

4.3 Observation of Torque in Drive Shaft Using AASTW

One of the main defects of AMT is the poor shift smoothness. For the electric vehicles
with such type of transmission, the process of shifting starts at the vehicle control unit
(VCU) sends command to the motor control unit (MCU) to unload torque output
dynamically. In order to improve the shifting quality, motor torque unloading control is
researched. However, stopping the motor torque output does not ensure that zero
remaining torque in the meshed gears actually before the sleeve detached, because there
may still exist much elastic potential energy accumulated in the elastic parts, especially
for the heavy loading vehicles going on a rough road. If the sleeve is detached from the
current gear at this moment, the accumulated elastic potential energy in the elastic parts
will be released in quite a short time, this will cause torsional vibrations in the drivetrain

and the driver will feel an unpleasant shifting jerk.

As the drive shaft and tires are the most important compliant parts of the drivetrain, the
oscillating drive shaft will bring vibration and shocks to vehicle body further [143].
Therefore, knowing the real-time torque transmitted in the drive shaft can improve
shifting quality a lot regarding computing an optimal shifting time and minimizing

torsional oscillations [144,145].
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4.3.1 Drive Shaft Torque Observer Design

The electric vehicle drivetrain model is still based on the clutchless motor-transmission
integrated system with two-speed AMT as shown in Figure 2.1, and the drive shaft and
tires are regarded elastically. Therefore, when the vehicle is operated under a fixed gear

ratio, the drivetrain can be modeled as spring-damping system [146] as in the following

equations.
. 1 1
@, =—|T,——1T, (4.43)
J, Ly
) 1
@, =—(T,-T,) (4.44)
JV
. 1 | .
Iy=k)| —o,-0, |+d;| —0,-0, (4.45)
L, Li,

In above equations, the symbols w is rotary speed, J is (equivalent) rotational inertia, 7 is
torque, 7 is gear ratio, i=1, 2, K is torsional stiffness, and d is torsional damping. The
subscripts m indicates motor, w indicates the wheel, i indicates the current meshed gear, /'
indicates the final drive, d indicates the drive shaft, v indicates equivalent vehicle body

mass. The motor torque 7,, depends on the accelerator pedal angle # and motor speed.

09
1—
0.85
>
2
50.5 0.8
&
/m
0.75
0-.
000

2500 3000

600
Torque (Nm)

1500 2000

200 0 500 Speed (rpm)
Figure 4.10 Motor Efficiency Map

Given motor torque output is restricted by the external characteristics of motor as shown
in Figure 4.10, and in many practical cases motor actual torque output can also be
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obtained by Look-up tables based on the map. Therefore, 7,, should be expressed in a
nonlinear function as Equation (4.46). The resistance includes rolling resistance, incline
drag, air drag, and accelerating drag, it also should be a nonlinear function defined as

Equation (4.47), in this drivetrain modelling tire slip is neglected.

T.=T,(0,0,)%f,(uv.0,) (4.46)

T =r, MgC, COS X,y TMISN Y

road

1 do
tCup Aoy tmn, = |£ 1 (@,) (4.47)
roﬁ?ng incline — M %,—td

air accelerating

As motor angular speed and wheel angular speed can be measured directly, the two speed
signals obtained by sensors in a fixed sample time are selected as output of measurement,
together with the accelerator pedal angle are designed as inputs of the observer. The
observation system structure is as Figure 4.11, the collected angular speed signals are
transmitted on CAN bus, as well as motor torque output information, the observer reads
these signals from the vehicle control unit (VCU), communications between driver’s
accelerator pedal command and the motor control unit (MCU) are also transmitted on
another CAN bus, and noise or disturbance regarded as bounded is considered in the

observer.

Driver command

CAN1 CAN2

Motor
torque

Figure 4.11 Scheme of Drive Shaft Torque Estimation

Set X, =@, , X,=®, and X; =T, which is to be observed. Consider disturbance and

uncertainties in modeling and suppose the observation error and the uncertainties are

bounded, i.e. ‘fc(.)| < fc(* ) F (t,xl,xz,fg,u)‘ < F". The observation system is designed as
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(4.48), and corresponding observation error equations with disturbance and uncertainties

are as (4.49).

X . 1 | . N

% =q (xl—x])+7{fm(u,xl)—;x3}+kl |x1_x1|2 sgn(xl—xl)
i ity

A

. 1. . .
x2=a2(x2—x2)+J—[x3—fv(xz)]+k2|x2—x2|2 sgn(x, —%,)

, (4.48)
2 N N 1 1 . .
X, =a, (x1 —x1)+a4 (x2 —x2)+kd [Txl _XZJerd {Txl —xZJ
ii i

+hysgn(x, — %, )+k, sgn(x, - %,)

'x;l = _alfl _i L% _kl ‘i1|% sgn (fl)

J i,

. 1

iz = —0!2)?2 +Ji£3 _kz ‘)}2‘2 Sgn(%) (4.49)

X, = —o% o, %, —k, sgn (%, )—k, sgn (X, )+ F (6. x,,x,,%;)

Define of the parameters are the same as above. In order to make the observation error

for torque in drive shaft to converge, i.e. ()?1,)?2,)?3) - (0, 0,0) , the adaptive sliding mode

gains k1,2 should be restricted in the feasible region of (4.50), where ¢, are constant values,

0<eg, <1,
% \/F*+a3il+ +a,x +k+k,,
Jidiiy 1+¢
k, > max .
2 F'+o i +a,5 +k+k, | 14
Jid,  \F*+af +k —k,
2 F'+ai +a,f —k +k,
J, JF =k, —k T (4.50)
k, > max P 45

2 F'+oi +a, 5 —k+k, | 176
\7, JF + i +hk —k,

1
+ ~+ ~+
ky <—F" —a,x| - 5 o,x,

|
k,>F +—a,X’
2
Proof: The initial estimation errors are set to )~C| =0, )?2 =0, 3~C3 =X - 0= X;. If the initial X, ,
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X, are positive, the sliding mode trajectories of ¥, —¥,and X, —X, will get into the first
quadrant. Contrarily, the sliding mode trajectories will get into the third quadrant. Positive
X, and X, are taken into consideration in this proof, the proof for the other case is equally

valid and is omitted. From the Equation (4.49) the following relationship can be obtained:

X € ! [—F*,F*}—al);cl +%[a3il +a, %, +kysgn (% )+ k,sgn (%) |-

kl jzI

X € i[_FmF*}—azfz +JL[—a3fl —a,%, —k,sgn (X)) -k, sgn(iz)]—ﬁ

J, : 2%

F+
{J.. +— (a3%f+a4x§+k3+k4) £ >0
. Ay S,
S (4.52)
.. + .. (a3)~(1++k3_k4) )EZSO
Jii,  Jii,
(i +Ji(_k3_k4) fIZO
%, <90 " (4.53)
max F+ » B
7 +J—v(a3x, +k3—k4) % <0

~+

ky+k,=—F —a% o ab

BN |
/ \\ :

k—k, =—F" —a,%

Figure 4.12 Domain ofT1, and 11,
When the trajectory is in the first quadrant the following inequalities shown as (4.52) and

(4.53) can be obtained based on (4.51). If k3 EHl,k4 ell, as shown in Figure 4.12, the
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limitations of x, and £, will make X, <0and¥, <0, so that the trajectory is driven towards

);61’2=0 and it is limited in the scope enclosed by 561,2:0 , );51’2:0 and

);512,2 = 2‘)%1’%% ()EMM —)?1’2) (line I in Figure 4.13, derived from integral calculation).

Figure 4.13 Sketch of Sliding Mode Trajectory

When the trajectory transits through );61)2 =0, it comes into the fourth quadrant, and the

trajectory is driven towards )?1,2 =0 because of the passive 3;51,2 . The minimum 3;51,2 can be
obtained as (4.55) by solving Equation (4.54).

= 1 . L 1 - - -
X, =——— F(taxlzx27x3)_a1xl+ . [a3xl+a4x2+k3+k4sgn(x2)]— =0
Jii, Al ‘)”c, |

%, :iF(t,xl,xz,)%)—azfcz +JL[—0533?1 —a, %, —kysgn (%) -k, |- k)X,

=0
J, : 2%

Therefore, the trajectory is enclosed by X, =0,%,=0,X,=X, and %,=X, . From

the (4.55), it is obvious that derivative of observation errors is bounded by the line III as

shown in Figure 4.13, and given the limits of the sliding mode gains shown in (4.50), a

further conclusion can be drawn as (4.56) and (4.57). Therefore, 5'61’2 will converge to 0,
and considering the equation ?;612,2 =2|§1,24 |(55L2M —)?1,2) , X, is convergent as well.
According to Equation (4.49), as long as the model is accurate x, will be driven to

converge to 0 because of the bounded and convergent 5, and %, , convergence of the
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proposed AASTW-based drive shaft torque observer is proven.

24|%] 1
= ; — | —F(t,x,,%,, % )+ &, X, + &, X, + k; + k, sgn (X
1 2al ‘_f]‘{—kl Jl-ltlf[: ( 122 3) 37 472 3 4 ( 2):|
2 1 ~+ ~t 2
>\, T (F++a3x, +a, % +k3+k4)éle
co (4.55)
2% . - - g
= — — [ F(t,2,%,, %)~ ;% — %, —k; sgn (5, ) -k, |
20,\|%,| +k, .,
2 1 ~+ ~+ ~
>—k— X, J—(F*—i—ogxl +o,%, -k, +k4)éx2M
2 v
I
. ) F++ ~++ .~++k +k
%, k, My, Jii, ( A3X T A% TG 4)
x| :
) 2)61 F + 1 (053;51+ +a4x2++k3+k4)
T, Ji
min ' '
, [2x, £ +%(a;c; +ky—k,) (4.56)
| Jiai, o Ji,
1 2 - —
— |[— \/F*+a3x1*+a4x2*+k3+k4,
k\ Jii, -,
< max < <1
1| 2 F+ai +oX +k+k, l+¢
k, inzif \/F+ +a. X +k,—k,

+ ~+ ~+
(F"+a,i +a, 55—k +k,)

<
. F*o1 F*o1,
mm{\/szM[Jv +‘]V(—k3—k4)},\/2x2‘w[(]v +Jv(0{3xl +k3k4)}}

< max 1|2 Frtaf +af —k+k 1 ]2 F+af +a,% —k +k, (4.57)
k2 Jv
l-¢

%,

xlo

JF =k, —k, B\, JF e sk —k,

2
1+¢,

< <1

The Lyapunov function is designed as
L(i)z—.%f+%i22 >0 (4.58)

and corresponding partial derivative

90



Chapter 4: Novel Sliding Mode Observer for Motion State of Electric Vehicle Drivetrain

5ﬂ4gﬁﬁ=gg+@g

(4.59)

- - | - - - U - -
=% | —o X, ——— % — k|5 [2 sgn (%, ):|+x2 |:—a2x2 +7x3 —k, |%,|2 sgn(X,)
ittt f v

If 4, and x, meet the requirement of (4.60), L()?l,)zz ) . L()?l,)?z) <0 will be realized to

make the system stable.

i
o, \|%] - x, >0 { x2 + x,>0
Jii, ]| JJ
k, > J{‘J ,@>l (4.60)
. X,
a, |5 |+

_— <0 - i|l-— <0
Jii, ‘ ‘ " [ 2\/72 Jv\/|f'_2‘ "

When the estimation errors()?l,f2,)f3) get close to the small neighbourhood of the origin
(O, 0,0) , combining with the (4.61) based on the infinitesimals of the same order theorem,

a conclusion can be drawn that positive 4, and 4, can meet the requirement of

1
%, {—ali, —%)@ — k| %2 sgn (% )} <0 and %, {—aziz + JL

i'i’0

%, -k, ‘)?2‘]5 sgn (%, )} <0. It

is obvious thatL()?l , X, ) : L()?] , )?2) <0is satisfied, so that %, and %, are asymptotic stable;
similar to the Filippove transformation in Equation (4.17), x is stable too. Stability of

the proposed drive shaft torque observer is proven.

lim —2-=0, lim —2=0 (4.61)
{0,550 '~ ‘ %,—0,%5—0

X

4.3.2 Simulation Test

Simulation of the AASTW-based observer of torque in drive shaft is carried on AMEsim-
MATLAB joint environment. Physical model of EV powertrain is established on AMEsin
as in Figure 4.14 (a), from which motor speed, wheel speed and real torque in drive shaft
are measured by sensors and then send them to the observer module on Matlab as in

Figure 4.14 (b), so that performance of observer is tested.
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k I

T+

(@

estimation error

S-Function
observer

(b)

Figure 4.14 Simulation Model of Observer for Torque in EV Drive Shaft
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Figure 4.15 Working Condition Settings for Simulation

In the simulation test, resistance in driving is simulated by a step signal as in Figure 4.15,
and high power noise is introduced to simulate road condition variation, disturbance or

uncertainties, and the unstable deviation in vehicle mass estimation, etc. In Figure 4.15
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driving operation is also illustrated, driver’s command to pedal is also simulated by step
signal and an inertial element is introduced to simulate the time delay of motor torque

output. Critical parameters of the simulation are shown in Table 4.2.

Table 4.2 Parameters Configuration for Simulation

Parameters of Powertrain Value | Parameters of Observer Value
Motor Power (kW) 53 Initial Value of &, 30
Motor Maximum Torque (Nm) 180 Initial Value of k&, 10
Motor Maximum Speed (rpm) 9000 Sliding Mode Gain k, - 20
Current Gear Ratio 6.135 Sliding Mode Gain £, 30
Equivalent Moment of Inertia .7, ( kgm?2) 2.8 System Damping ¢, 1
Equivalent Moment of Inertia 7 (kgm2)  183.75 System Damping c, 1
Drive Shaft Torsional Stiffness (Nm/rad) 90729.58 | System Damping «, 1
Drive Shaft Torsional Damp (Nm/(rad/s)) 3500 System Damping , 1
%? - - - Z 003 . . .
£ 0.006 £
3 B 0.021
o o
£ 0.003 2
g B 001
2 0.000 2
° S 0.00
5 -0.003 &
= 20 -0.01
= ke
S -0.006 s
s . ; . . [ E-0.02 ; ; ;
0 5 10 15 20 0 5 10 15 20
Time (s) Time (s)

Figure 4.16 Tracking Errors of the Measurable States of EV Drivetrain

In the simulation of driver’s tipping in/out within 20s, shifting doesn’t come about and
gear ratio is fixed, the vehicle keeps accelerating at this period. Because vehicle
longitudinal force model in Matlab is close to the physical powertrain model in AMEsim
accurately, but in practice vehicle powertrain usually works in bad conditions and order
of magnitude of resistance or disturbance is quite large, so high-power of noise signals
are added in the measured signals. In Figure 4.16, tracking performances of motor speed

and wheel speed are illustrated, tracking of the measurable speeds is in an accurate level
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in this test even under much noises.
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Figure 4.17 Observation Performance of the Torque Observer

Under joint action of the motor torque and the driving resistance in Figure 4.15, the drive
shaft torque observation result is shown in Figure 4.17. The observation error can still be
kept with about 4% with little overshoot and fast tracking performance, chattering is

attenuated as well even though high power noise and disturbance exist.

4.4 Summary

In this chapter a novel sliding mode observer is proposed, by introduction of the system
damping convergence of observation error is accelerated, and the adaptive sliding mode
gains can make the variable structure more accurate so that the inherent problem of
chattering is attenuated. Convergence and stability of the observer are proven

mathematically. The proposed observer is applied to observe the torque in EV drive shaft

and it performs satisfactorily by simulation results.
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CHAPTER 5: QUANTUM OPTIMAL CONTROL OF
TORSIONAL OSCILLATIONS FOR EV DRIVETRAIN

5.1 Introduction

As the absence of energy saving and buffering components in the research target, i.e. the
motor-transmission integrated powertrain system, torsion oscillations will come about in
the second-order system with torsional compliance and damping at the moment of
driver’s tipping in/out or shifting, and further it will transform into longitudinal vehicle
shuffle. In this chapter research on active damping control for EV drivetrain will follow
two aspects of motor torque output unloading before shifting and motor torque output

increasing after shifting.

With the development of driving motor and the progress of power electronics technology,
it is possible to control the driving motor more and more quickly and accurately. By
calculating the optimal output of the motor torque, which is opposite to the direction of
the torsional oscillation of the drivetrain system, so that the oscillation can be offset or
compensated. Since the active control of torsional oscillation requires the driving motor
to quickly and accurately output torque which conforms to the control law in a short time,
and the control algorithm should not consume excessive computational power and long
calculation time, so it should be as simple as possible in execution. Linear quadratic
Gaussian makes the active damping control for torsional oscillation more feasible because

of the simplicity, high efficiency and closed loop stability.

In this chapter a joint optimal damping control algorithm with an optimization unit is
proposed. LQG is regarded as one of the most effective methods in vibration control under
the premise of appropriate weighting matrices Q and R which directly influence optimal
control law by minimizing the performance index. However, they are selected based on
designer's subjective preference currently and generally, and such optimal results may not

be the actual optimal usually, therefore, objective selecting method is researched
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intensively. Quantum Genetic Algorithm (QGA) is a probabilistic search algorithm that
introduces qubits and quantum superposition states. It uses the probability amplitude of
qubit to represent the coding of chromosomes in genetic algorithms so that one
chromosome contains multiple states at the same time and diversity of the population is
increased. Furthermore, evolution of chromosomes is realized by application of the

quantum revolving gate, searching speed for optimization is improved greatly.

5.2 Intelligent Optimization Based on Quantum Genetic Algorithm

‘ Start ’

y
Generate the
Initial Population
and Coding

v

Fitness
Calculation

Yes

Termination Criterion?

A4
Output the
Optimal Results

Select

Population 4
\ Terminate

Crossover

A

Mutation

Figure 5.1 Typical Genetic Algorithm Optimization Flow Chart

As an intelligent optimization algorithm, genetic algorithm simulates the evolution
process in nature and the searching principle through a computer. By simulating the
process of crossover, mutation and elimination of chromosomes in evolution, searching
or evolution is going on for the optimal solutions. It is suitable for solving complex and

nonlinear optimization problems in fields of artificial intelligence, machine learning, etc.
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The typical genetic algorithm optimization flow is shown in Figure 5.1.

Quantum computing uses quantum states as the basic information unit and utilizes the
characteristics of superposition, entanglement and interference in the quantum world to
establish an unprecedented computing model, it breaks through the limitation of Turing
model and the computing performance is improved exponentially. The quantum genetic
algorithm is based on the principle of quantum computing and uses the probability of the
qubit to represent genetic coding of the chromosome so that one chromosome can express
the superposition of polymorphism to carry more information. Crossover and mutation in
classical genetic algorithm are replaced by quantum revolving gate and searching speed

for optimization is increased [147].
5.2.1 Qubit Coding

Qubit is the basic information unit in quantum computing and can be expressed as a linear

superposition of two mutually independent quantum state vectors|0 >and|1>, rather

than 0 or 1 in classical genetic algorithm. Because of the characteristic of entanglement

and interference, qubit can also express random state|¢ > from linear superposition of the
quantum ground states|0 >and|1>:

lp>=a|0>+3|1> (5.1)

Where & and g are the probability amplitude of |0 >and|1>, respectively, and they
meet requirement of normalization:

o +|1 =1 (5.2)

It can be generalized to multi-qubit condition too, if there are N = 2" quantum ground state

in a quantum system |, >,| ¢, > """ | @, , >, any one of the quantum states can be

expressed as superposition state of these quantum ground state:

N-1
|(/)>:Zaj|(oj> (5.3)
=0
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Where probability amplitude @; of quantum ground state |(0j > should meet the

requirement of normalization as

o | =1 (5.4)

Therefore, in the parallel processing of quantum systems A n-bit quantum register can

simultaneously represent 2n quantum ground states, the operation of a computer on a
quantum register is equivalent to simultaneous operation on the superposition state|p >
based on each quantum ground state, and the result is also a new superposition state,

which greatly improves the calculation efficiency.

In order to demonstrate physical meaning of quantum motion better, 3D spherical

coordinate is introduced to represent the qubit as:

|qo>=cosg|0>+ei‘”sin€|l> (5.5)
2 2
Where probability amplitude cosg and ¢ sing are a pair of plural and meet

normalization requirement that sum of squares is 1. Therefore, the qubit can be uniquely

T
determined by probability amplitude VGC'[OI’|:COS§ e sin g} , as point P in Figure 5.2.

Figure 5.2 Expression of Qubit on Spherical Coordinate

On the spherical P is indicated by a pair of phase angles(@, qo), and corresponding code

of 3D chromosome is expressed as
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AN A
qi = (0)1} vos (0)} v (Dy (5.6)
i ij in

The phase angle can be considered as a pair of juxtaposed genes, which can be

transformed into two parallel gene chains:

4 =(0;.03:6] 6,

ij in

7 , (5.7)
a,=(0).00. 0 0))

Which the right side of the equal sign indicates the i chromosome (i=1,2---m; j=1,2---n)
of the population in y'" generation, m is the population size, n is the number of quantum
bits (chromosome length) which equals to dimension of the optimization, 9; and (p;

represent the phase angles of the i chromosome on the j" qubit in y™ generation

population, respectively.
5.2.2 Revolving Gate of Quantum Evolution

Revolving gate of quantum is used for evolution of the chromosome based on

characteristics of quantum genetic algorithm, of which operation is expressed as

cos ®, —s1n®,} (5.9)

sin®, cosO®,

{aﬂ:R(@i){a}:{c?s@i —sin@l}{a[} (5.9)
B, B sin®, cosO®, || S

Where @ is the revolving gate angle of the i qubit, R (@i) is the quantum revolving gate,

R(@i):[

[, []T and [, ,B,.']T is the probability amplitude of the qubit after revolution; from the

Equation (5.9) «’and g’ can be expressed as Equation (5.10), respectively.

(5.10)

. .

{ai =a,cos O, — f,sin O,
,

B/=a,;sin®, + B cos O,

It still meets the requirements of normalization after evolution:

ﬂil

2
+

!

a.

1

=(;,c080, - B5in@,)" + (&, cosO, + f5in®,) =|e,| +|B[ =1 (5.11)
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5.2.3 Realization of Quantum Genetic Algorithm

Initialization: Substitute the qubit coding for the binary coding of conventional GA, set

k be the number of qubits encoding each gene, set the population in y" negation including
n individuals as O(x)= {qu G g } , ¢ is the i quantum chromosome in y™"

generation which is expressed as

y y y y y y y y y
qy :|:all o, Ay | & Oy 12298 o, o amk—l (5 12)
i y v y ) v y y y y ’
11 1812 o 1k /821 22 ﬁzk ml ml ‘mik J

The total amount of chromosome is 2kmn of which probability amplitude is initialized to
1/ \/5 , so that each chromosome in 0 generation can be linearly superposed with the same

probability as (5.13), where X', is the string (X, x,+-x,,), « is0or 1.

X, > (5.13)

o, >—Z\/—

Table 5.1 Adjustment Strategy of Quantum Revolving Gate

X, X fOOfBes)  A®, s(a. )
af >0 aB<0 a=0 B =0

0 0 False 0 0 0 0 0
0 0 True 0 0 0 0 0
0 1 False 0.01z +1 -1 0 +1
0 1 True 0.0z -1 +1 +1 0
1 0 False 0.01x -1 +1 +1 0
1 0 True 0.017 +1 -1 0 +1
1 1 False 0 0 0 0 0
1 1 True 0 0 0 0 0

Revolving Gate of Quantum: In quantum genetic algorithm the revolving gate is the

execution of evolution, in this chapter a general strategy is adopted as in Table 5.1 [148].

In the table x, is the i™ bit of the current chromosome, Xpo, 18 the i™ bit of the current

optimal chromosome, f (X)is the fitness function in optimization,s(al., ﬁi)is direction
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of revolving angle, A@,is the revolving angle, which is designed as Table 5.1. Flow chart

of the quantum genetic algorithm is in Figure 5.3, of which key content is comparing the

fitness function f (x) corresponding to individual ¢; with the fitness function f (xBeSn.)
corresponding to the optimal individual, if /(x,)> f(Xp ), by adjustment of qubit
corresponding to ¢; so that probability amplitude of «,and g can make individuals evolve

towards X; , otherwise, evolve towards X .

Initialize the
Population

v

Fitness Calculation

v

Select the Best
Individual

Yes

A 4
Output the
Optimal Results

Evolution with Quantum
Revolving Gate
:

Select the Optimal
Individual and
Calculate Fitness

t=t+1

Figure 5.3 Quantum Genetic Algorithm Optimization Flow Chart

5.3 Active Damping Control for EV Drivetrain Oscillation

5.3.1 Optimal Control of Motor Torque Unloading Before Shifting

Based on the model of EV powertrain in Chapter 2, motor speed, drive shaft torsional
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angle and wheel speed are selected as state variables, the dynamic equations in (2.50) and

(2.51) can be transformed into

X=Ax+Bu+ HI (5.14)
o ; S J.
Where x, =—-6,, x,=0,, x,=0,, i=ii, J1=Jm+'_]_2f+%, Jy=J +mr,
ii ‘ i iy
d, ) .
d=2+—L, dy=d +mgc,r,, I=rm(c,+gsiny,,),
i
0 -l !
! 0 0
A= k- d+d, d . B=| 0|, H= 1
J, J, iJ, J,
d 1
_i i _dl+i—2 71 0
i il J]

Among the selected state variables the drive shaft torsional angle is usually difficult to be
measured timely, in [149] correlation of the torque in drive shaft and torsional angle is
researched, similarly, in this chapter drive shaft torsional angle is obtained from drive

shaft torque divided by torsional stiffness.

Active damping control of oscillation for shifting is unloading motor torque to 0
dynamically rather than directly so that it is suitable for detaching the meshed gears in
transmission and introduces much less motion oscillation. Therefore, the transmitted

torque ; in transmission is selected as the objective function. Figure 5.4 illustrates a

simplified model of transmission considering damping of input shaft and output shaft

and g, . Each gear shaft in the transmission is modeled mathematically with respect to the

transmitted torque . as follows:
JO =u—-d B -1 (5.15)

J,0=ir-d,0-T, (5.16)
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LN,
>\\Tﬂ
| Al
oy

Figure 5.4 Simplified Transmission Model

Combine with the Equation (2.50), above equations can be transformed into

k(% 0y a4

. J d d, . ii ii
u-d 0 —r=—""[u—(—*+-L)9 ——L - 1 (5.17)
1 J J ) D2 m ‘. ..
e S o Wl ) Ly
.2 2.0
i iy

Which can be further transformed into state equation:

=M x+Du (5.18)
d
Jo(d +—575)
Jnk Jtld Y ltzlfz il . .
Where M, =| —-— ——- ~——d,, |,D, =1-— and others are identical
Jii, o Jig, J, J,

to those in Chapter 2. Furthermore, relationships of s, s, ,,and @, ,d,,,d , are expressed
as follows:
J =i'J, +J, (5.19)
d=id +d, (5.20)
The objective of the control system is to minimize deviation between torque’ transmitted

in transmission and desirable reference value, and should be reduced to zero before gear

change begins to ensure shifting can be realized smoothly and quickly. Therefore, the cost
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function should be extended as Equation (5.21), where 7, is introduced as a trade-off

between response time and overshoot or oscillation, it is the variable to be optimized.

2

lim [ 22 +7, (u—1y, ) dt (5.21)

T—0d0

From Equation (5.15)7 can be expressed as a function of wheel speed as follows:
r=u—d,if,—J,if, (5.22)
Combine with Equation (5.23), the rigid differential equation of drive shaft, performance
output z can be derived as Equation (5.24).
J . .
(Ji+2)0, =u—d,i6, —- (5.23)
i i

2 . .
TZ{I—M}M—P{J—%—JH)Z(CZJZ+d2)}«9“,.+(Jm.2+7J”)ll (5.24)
Jit+J, Jit+J, J

i 2

Therefore, U, can be derived as in Equation (5.25) by settingz =0:

ushift = /uxg.w + lull (525)
Where . = (d i—idiz)[l_ﬁr i =— Sl 1— Jniz -1
X al 1i2 g 1 J1i2+J2 [} Jli2+J2 J1i2+J2 .

Thus, Equation (5.21) can be transformed into Equation (5.26), the ultimate active control
objective:

[t 0.0

;l_r}olo o T | U g (HWJ) d

= lim OT(MSx+DSu)2 +7, (u ~u0, —,u,l)2 dt

T—w

(5.26)

However, the Equation (5.14) is an affine system because of the constant term/, in order
to obtain an optimal feedback unit based on LQG algorithm, Equation (5.14) should be
linearized in the area near the equilibrium point, and the linearized state space equation
is given as follows:

A% = AAx + BAu (5.27)

Where Ax = x — X, Au=u—u,, Xy =X, (Xy.1), 1y =1ty (%,9,), x,,andu,are the initial
values of x, and u , respectively, which are shown in Equation (5.28). Consider the
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Equation (5.18), Equation (5.26) can be transformed into Equation (5.29).

d, 1
5 . 2
uo(éw,z)—[w %](i‘”]éﬂ,ﬁﬁ% %,(6,.1) = 11‘ ](‘; (QIW]éa;éwm‘,l(s.zs)
i 0

2
;12010 IOT (M Ax+DAu+M x,+Du,) +n,(Au—pAx, +u, — 1., — 1) dt (5.20)
= lim [ (M, Ax+ D, Au+ 1) 477, (A g1 Ax, +1)de

T—x©

Where 1, =M x,+Du, , r, =u, — 1 x,,— 4 . Based on Equation (5.14), model of
drivetrain is augmented into Equation (5.30), where should o be small enough so that7, ,

is a slow-varying value, i.e.7; = —om ,7, =—or,, and the linearized system will be stable

[150].
0 0
4 0 0 B)  (Ax
A = 0 0 |,B = 0 X, =| K (5.30)
0 0 O 0 -o

Similarly, the cost function (5.29) can is augmented as

lim

T
T—o0d0

(x'Qx, + R A +2x N Aulds (5.31)

Where Q =(M, 1 0) (M

N

1 0)+7,(0 —x, 0 0 1)'(0 -z, 0 0 1) ,

R=n,N=(M; 1 0)'D,+n0 —u 0 0 D"

In order to minimize the Equation (5.31), the optimal feedback unit can be obtained as

the following equation based on LQG algorithm.
K _=Q'(B'P,+N)) (5.32)

T Ne

Where P, is the solution of Riccati equation as follows:

AP, +P.A +R —(P.B +N,)Q; (P,B +N,) =0 (5.33)

Sc r Sc Sc ¥
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The control signal Au can be obtained according to the optimal gain K :

Au = _Kscxr = _(Kscl Kch K

sc3

)Ax—K

sc4

I/i —Ksc57'2 (534)

Therefore, the output of the controller, i.e. torque command of the motor u , can be

obtained ultimately as follows:

U= Ks0x20 +Ksll _(Kscl Kch Ksc3)x (535)
Where KSO = (1 - Ksc4Ds - Ksc5 )/’i’x + (Kscl Kch Ksc3)5x - Ksc4M55x + Kscsﬂx 4
Ksl = (1 - Ksc4Ds - Ksc5)j7 + (Kscl Ksc2 Ksc3)é‘l - Ksc4Msé‘l + KSCSﬂl >

T

A =(di*+d,))/i,8,=(d,/k i 1), 4=1/i, §=(1/k 0 0).

5.3.2 Optimal Control of Motor Torque Loading for Launch

The EV powertrain model of motor control during launch is identical to Equation (5.14)
in 5.3.1, the control objective is aiming to compute an optimal motor torque output after

driver’s tip in/out so that deviation between motion states in drivetrain and desired state
I 1s compensated or offset and oscillations are attenuated too. Because the wheel speed
z1s convenient to be measured, and it relates to longitudinal impact to passengers, it is
selected to constitute the cost function to minimize the motion state éw —1,,. Since fast
response of motor torque output may bring overshoot and oscillations, deviation between
the control signal # and corresponding steady stateu, is taken into consideration, therefore,

the cost function is designed as (5.37).

z=0,=Mx (5.36)

2

+7, (u—uo (Fm,-,l))z dr (5.37)

T
;13&10 0 (Z_rr‘ff)
Where M, =[0 1 0],r,, is the desired speed of driver’s command, 7,is trade off
between response time and overshoot or oscillation, it is the variable to be optimized. The
steady stateu,is function of desired speed and load, when the command signal isu, the

equilibrium point z =7, will be reached in the system, steady state condition of the
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system is identical to Equation (5.28) in 5.3.1.

Similar to 5.3.1, designing of the LQG controller still needs linearization of the state
equation, and after that the cost function (5.37) can be transformed into:

. T 2

lim [ (M Ax+7) +7,(Au=r,)" di (5.38)

T—o

Wherer, = M, x, —1,,., 1, =u, —u, (rref’l)' And after augmenting as in (5.30) in 5.3.1 for
the state equation (5.14), the cost function can be transformed into:

lim [ (x!Qx, + R Au* +2x] N, Au e (5.39)

T—x©

Where @, =(M, 1 0)'(M, 1 0)+7(0 0 0 0 1)'(0 0 0 0 1), R =7,,
N,=n,(0 0 0 0 l)T.The cost function (5.39) can be realized by the compensating

control command Au Au:—waré—(K )Ax ,  where

tcl

Kth Ktc3 Ktc4 K

tc5

K_=0"' (BVTI;C +N! ) and P, is solution of the Riccati equation as follows:

A'P,+PA +R —(P,B,+N,)O"(P.B +N,) =0 (5.40)

r e r tcr

Therefore, the optimal motor control law of active damping control during speeding

up/down is obtained:

u=Kx+K,/+K,1,, — (Ktcl K., K. )x (5.41)

tr'ref

Where Kto = (Ktcl Ktc2 Ktc3 ) 0, —K

X tc4

Mté‘x + /’tx _Ktc5/lx H Ktr = Ktc4 +K

te57 x>

tc3 tc4Mt5l +ﬂ’l :

Ktl = (Ktcl Ktc2 K )51 _K

5.3.3 Active Damping Controller with Off-line QGA Optimization Unit

In designing of the LQG controller selection of the weight7 is quite important which

influences the control law directly. In this chapter an LQG active damping controller with

quantum genetic algorithm is proposed to search the optimal weight parameter 7

objectively rather than subject selection by designers so that actual optimal control

performance can be realized.
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In order to drive the drivetrain with less oscillation in drivetrain, root mean square of
motor speed, torsional angle and rotary speed of drive shaft are introduced to constitute

the fitness function, as their unit and magnitude are different, so the above three indexes

should be normalized to be the fitness function f*, which is designed as

o) [ () [ ()

. N, N. N.
minimize f = L + 2 + = (5.42)
2 2 2
j=1 xljpass Jj=1 x2jpass Jj=1 x3jpass
Nl NZ N3

0.001<7 <100

% (77) < %o
st 1 v (5.43)

)C2 (77) < x2pass

x3 (77) < x3pass

Where N, (i=1,2,3) is number of the sample points, xi(n) is a drivetrain state

corresponds to the currentr, X, .. is the corresponding state in open loop system, which

ipass

is obtained and sampled from simulation of corresponding passive system. For the passive

underdamped condition, response c(t) of the second order system to step input signal is as

the Equation (5.44), where @, =w,\/1-¢* is the damped oscillation frequency,

' 2
l;f is the phase angle.

0 = arctan

¢
N
effwﬂt ] h _ é/2

c(t)=1-¢"""| cos\[1-¢* w1 + siny1-¢ o t

=1——=—=sin| \/1-¢{’ m ¢ +arctan ~—— 5.44
y—l_é,z ‘ (5.44)
e—{wnt

=1—-—F—=sin(w,t+0)

Ji-¢2
From the above equation it can be deduced that amplitude of oscillation in drivetrain only

relates to the system inherent parameters, and is independent to input. Therefore, it is

reasonable and objective to select X, as the normalization factor.

ipass
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Figure 5.5 Structure of the Joint Control Algorithm with QGA Off-line

Figure 5.5 shows the structure of the proposed joint optimal control algorithm, it collects

state variables x, (77) with current weight7 in the controller to calculate the current fitness,

and then it will revolute by quantum revolving gate to search a betterz, such that the

fitness function will get closer to the minimum. Considering the calculation speed of

rolling online optimization is far from enough to meet requirements of vibration control,

therefore, the optimization is completed off-line and save a group of ;7 corresponding to

variable of parameters of the system.

5.4 Simulation Test

The powertrain physical model is established in AMEsim as shown in Figure 5.6, which
includes a PMSM, a transmission, a final drive, an elastic drive shaft, equivalent moment
of inertia of multi-bodies, several sensors and a controller. Parameters in the simulation

are given in Table 5.2 and define of the parameters is identical to that in 5.3. The control

law in the AMEsim controller is calculated with the optimized weight 77 by Matlab.
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Figure 5.6 Electric Vehicle Powertrain Model in AMEsim

Table 5.2 Main Parameters of Drivetrain for Simulation

Parameters Value Parameters Value
Vehicle Mass m 1500kg Damping d, 0.2 Nm/(rad/s)
Wheel Radius 7, 0.29m Damping d, 31.17 Nm/(rad/s)

Gear Ratio i, 3.45%x4.831 Motor Moment of Inertia J,, 0.05kgm?
Drive. Shaft Equivalent 246371Nm/rad Moment of Inertia J, 0.0105 kgm?
Torsional Stiffness &
Drive Shaft Equivalent 9.549Nm/(rads) Moment of Inertia J, 128.15 kgm?

Torsional Damping d

5.4.1 Torque Unloading Phase

Based on the above parameters configuration, 100 generations of evolution in Matlab is

completed as in Figure 5.7 so that the optimal weight parameter7,,,,=9.5486 is obtained,

and further parameters constituting the control law for motor torque are obtained:

K ,=6.58x107 K =—0.0054, K, =—4556.89,K , =—43.41,K_, =2.42.
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Figure 5.7 Evolution of the Fitness

In the simulation test, the motor receives command of reducing torque output for shifting
at the 3™ second. Suppose that the PMSM can be controlled accurately and inertia of the
rotor is taken into consideration, there is deviation between the actual motor torque output
and torque command, therefore, the actual motor torque output complying to the control

law and considering deviation is illustrated in Figure 5.8, rather than a step unloading.

90 T T T T T T
80 - Motor Torque Command| |
Actual Torque Output
fg 70+ i
£
g 60+ .
o
g
= 50+ i
40 -
30 T T T T T T
2.9 3.0 3.1 32 33 34 35
Time (s)

Figure 5.8 Motor Torque Output Under Optimal Control Law
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Figure 5.9 Control Performance of the Drivetrain
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Figure 5.10 Torque Transmitted in the Gears of Transmission

Under the optimal control as the torque command, the motion states of EV drivetrain react
as in Figure 5.9. In order to compare the control performance, open loop control is
introduced, i.e. unload motor torque step to 0 directly. Suppose that the motor starts to
decrease torque output from 80Nm and oscillations come about in both motor rotor and
wheel speed. From Figure 5.9 and 5.10 it can be seen that the oscillations in drivetrain
under QGA-LQG joint control is attenuated obviously comparing with motor torque step

unloading to O directly. Furthermore, because of reaction from the driven gear in
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transmission, the torque transmitted in the gears will not be 0 actually as in Figure 5.10 if
totally cut down the driving torque input, it may bring abrasion on teeth; but with the
optimal control the transmitted torque in gears will actually reduce to 0 as motor torque
decreasing dynamically, so that the meshed gear and sleeve can be detached at this

moment and abrasion will be reduced as well.

No matter it is LQG or other model-based algorithms, a main challenge is the accuracy
in modeling. Since uncertainties from errors in modeling and disturbance from signal
processing or powertrain working condition will influence the stability of controller,
stability and sensitivity are analyzed for the optimal controller as in Figures 5.11-5.14.

Because wheel speed oscillation directly brings longitudinal shuffle of vehicle, wheel

speed is selected as the feedback signal C, ,C, =(0 1 0). Denote the transfer function
of feedback to E (s) , Fy (S) =K, (SI—A-%—BKC +C) ; denote the transfer function of

PMSM control commandlto wheel speed toG,, (s),G,,(s)=C,, (sI—A)'; denote the

uw u

function of PMSM control command ! to transmitted torque in gears to G_ (S) ,

G,.(s)=M(sI-A) B+D.
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Figure 5.11 Root Locus of the Drivetrain with Transmitted Torque Feedback
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Figure 5.12 Root Locus of the Drivetrain with Wheel Speed Feedback

In Figure 5.11 and Figure 5.12 illustrate root locus of the system with transmitted toque
feedback and wheel speed, respectively. It can be observed that when the feedback gain
of corresponding to open loop system varies 0 — oo, the root locus of both transfer
functions are all in the negative part of the coordinate, according to the cybernetics the

system is stable.
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Figure 5.13 Sensitivity Sww of Wheel Speed Response
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Figure 5.14 Sensitivity Sww of Transmitted Torque Response

Parameters variation or the input signal disturbed by noise will affect the response

performance, which can be expressed by introducing the sensitivity 5 . Sensitivity

corresponding to the two feedback is derived by following formula:

1
S = 1+G,, (s)F, (s) (5:45)
! (5.46)

S =
" 1+G(5)F, ()
Where s denotes sensitivity corresponding to wheel speed feedback, s _ denotes

sensitivity corresponding to transmitted torque feedback. From Figures 5.13-5.14 it can
be seen that both feedback is not sensitive to low frequency and will not affect the control
objectives a lot. As is all known, sensitivity is conflict to the response performance, high
sensitivity requires accurate parameters of the plants, otherwise, the output may overshoot
severely. Sensitivity of the closed loop system is usually less than that of corresponding
open loop system so that stability is improved, that is just the advantage of the closed loop

system.
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5.4.2 Torque Increasing for Launch Phase

Parameters configuration is set identically to 5.4.1, 100 generations of evolution in

Matlab is completed as in Figure 5.15 so that the optimal weight parameter,;,  =0.1004
is obtained, and further parameters constituting the control law for motor torque are

obtained: K,0:1-14X104 » K,=0.0599 , K

., =0391 , K,,=0863 , K,,=0.0012 ,
K, =6.0885.
Optimal Value: 0.420019 Mean Value: 0.420427
0.0911
—e— Optimal
0.09 - —©— Mean
0.089
Eb%
7 %
o 0.0885,
=
0.087
0.086

0.085

Generations

Figure 5.15 Evolution of the Fitness

In simulation driver’s tipping in and tipping out command are given in the 3rd and 7th
seconds, respectively, in this period the PMSM outputs torque as in Figure 5.16 and
corresponding wheel speed is illustrated in Figure 5.17. Conventional PID speed tuning
control is introduced for comparison in the simulation, of which parameters are set t0
P=0.28, 1=0.01, D=0.02; the PID collect speed signal to constitute a closed loop control
system and by tuning motor torque output dynamically speed tracking can be realized.
From Figure 5.17 it can be seen that both control algorithm can track the desired speed of
no oscillations but the one with the proposed QGA-LQG joint optimal control can
attenuate the torsional oscillation better. When tip in/out command is given by the driver,
the wheel speed will vary more smoothly under the optimal control so that vehicle

longitudinal shuftle will be reduced.
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Figure 5.17 Control Performance of Wheel Speed During Acceleration

In the simulation of speed optimal control for launch the stability and sensitivity are
analyzed as well, and selection of the transfer function Guw is identical to 5.4.1. Figure
5.18 illustrates that root locus of the system all locates at the negative part of the

coordinate and the system is stable.

Sensitivity calculation of the speed control system with wheel speed as feedback and with
motor torque as input is similar to 5.4.1, the Figure 5.19 illustrates that in low frequency

scope the wheel speed is not sensitive to the input variation, it will not response
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excessively to disturbance from the input.
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5.4 Summary

In this chapter a QGA-LQG joint active damping control for torsional oscillations in EV
drivetrain is proposed. Quantum computing is introduced to the optimization and utilize
the qubit coding to replace the binary code such that a chromosome can carry more
information because of the superposition, interference and entanglement characteristics;
and the conventional cross and mutation operation are replaced by quantum revolving
gate, so that the parallel computing can accelerate optimization speed in searching the

optimal parameters.

An LQG controller is designed to active damp the torsional oscillation with multi-
feedback from drivetrain states. By off-line optimization with the QGA the optimal
weight parameter in LQG controller is searched rather than subjective selection, such that

actual optimal control performance is achieved.
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CHAPTER 6: HARDWARE-IN-LOOP SIMULATION AND
REAL VEHICLE EXPERIMENT

6.1 Introduction

The proposed parameter intelligent estimation, AASTW state observation and active
damping control have been simulated by Matlab or AMEsim in previous text, one of the
main advantage of simulation by commercial software is the convenience and short
development cycle, and it is an evitable process in development and testing of all control
system. But the simulation is just a primary stage of the whole system development, and
it is not enough to transplant the model in simulation to real vehicle application. Usually,
before the application to real vehicle there are experiments on test rigs and hardware-in-
loop simulation. The main advantage of real vehicle experiment is it can reflect the real
performance of the designed in vehicle practice but it costs a lot, consumes quite a long
time and sometimes dangerous. Therefore, selection of the test type depends on the

specific purpose and condition in this thesis.

In this chapter the proposed algorithms in Chapter 3, Chapter4 and Chapter 5 are tested.
Real vehicle experiment was carried on for the nonlinear particle filter-based vehicle mass
intelligent in Chapter 3, real vehicle-test rig experiment was carried out for AASTW-
based drive shaft torque observation in Chapter 4, rapid prototype experiment was carried

out for QGA-LQG joint active damping control for torsional oscillations in EV drivetrains.

6.2 Overview of the Rapid Prototype Experimental Platform

The rapid prototype experiments depend on dSPACE real time simulation system and a
test rig with EV powertrain. The dSPACE real time simulation modules can be embedded
in Simulink environment, it is a semi-physical simulation working platform and is widely
used in automotive research and development due to good expandability, reliability and

real-time performance. dSPACE real time simulation system mainly includes simulation
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software such as ControlDesk, ModelDesk, MotionDesk and other hardware simulation

platforms such as Micro AutoBox and dSPACE Simulator.

6.2.1 Software

1. ControlDesk

ControlDesk is dSPACE simulation tool which includes control and detection functions,
seamlessly links to Simulink, and have access to vehicle CAN bus systems, such that
rapid control of prototypes, hardware-in-the-loop simulation, VCU testing, calibration
and diagnostics, and a range of virtual experiments can be realized. Figure 6.1 shows
ControlDesk that integrates the commonly used functions that not only provides special
tools connecting simulation platform and CAN bus, but also measurements, calibrations,

and diagnostics on ECU.

Figure 6.1 Interface of ControlDesk

2. ModelDesk

Figure 6.2 shows the ModelDesk that is used for simulation, graphical user interface for
model parameterization and parameters management, and it is also used to perform major
tasks before, during, and after the simulation; to realize seamless simulation from model-
in-the-loop simulation to hardware-in-the-loop. In ModelDesk various parameters of the
vehicle can be modified for more accurate simulation based on the intuitive

parameterization of graphics and parameters management online or offline
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Figure 6.2 Interface of ModelDesk

ModelDesk-based simulations can manage parameters such as road routes, driving
maneuvers, vehicle configuration, simulation results and all measured data so that
simulations are easy to be reproduced, and offline and online simulations can be easily

compared.

6.2.2 Hardware

1. Micro Autobox

Micro AutoBox is a real-time system for performing rapid functional prototype as in
Figure 6.3, of which solid and compact design is ideal for vehicle utilities and is equipped
with a comprehensive I/O interface including CAN, CAN FD, LIN, K-Line / L-Line,
FlexRay, Ethernet and bypass interfaces, it can be programmed by Simulink. Micro
AutoBox can be started automatically after power-on with startup time close to ECU and
can be easily connected (hot-plugged) to a PC or laptop for program download, such that

model parameterization and data analysis can be realized with Ethernet.

e

MicroAugag
)

’/lll_ll'

Figure 6.3 MicroAutobox
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2. dSPACE Simulator

dSPACE Simulator is a hardware-in-the-loop simulator of dSPACE as in Figure 6.4,
which is quite suitable for testing of EV powertrain, dynamics and ECU. It consists of a
standard processor board and I/O board, which simplifies adjustments and modifications
due to changes in project requirements. dSPACE Simulator can be used for ECU function
and integrated test signal tuning, load simulation and electrical fault simulation, and it is
open and extensible. dSPACE Simulator generates and measures [/O signals via
integrated dSPACE 1/O boards, and the function is complemented by load and fault

simulation.

Figure 6.4 dSPACE Simulator

6.3 Experiment of Vehicle Mass Intelligent Parameter Estimation

In this section an experiment was carried on for the nonlinear particle filter-based vehicle
mass estimation in Chapter 3, in this experiment 10.5m AUV electric bus of Beijing Foton

Motor co. LTD as shown in Figure 6.5, of which main parameter is listed in Table 6.1.

Table 6.1 Parameters of Experimental Electric Bus

Parameter Configuration Parameter Configuration

Kerb Mass 9900kg Maximum Speed 69km/h
Length 10500mm Motor Rated Power/Speed  100/1000(kw/r/min)

Tyre 275/70R22.5 | Motor Peak Power/Speed  165/3000(kw/r/min)
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Figure 6.5 Experiment for Vehicle Mass Estimation

In this experiment drag torque is obtained by free sliding, and during the low speed
operation air drag is neglected. In the sliding experiment the electric bus is loading 50%
rated mass and is accelerated to 65 km/h and then pedal is released totally, and then the
bus begins to decrease in sliding until stops, during this period speed varying with time

1s recorded.
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Figure 6.6 Fitting of the Sliding Speed
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By polynomial fitting after unit conversion, a fitted curve is obtained as in Figure 6.6, the
fitted sliding speed ! with respect to time is obtained as follows:
1u=18.0637—-0.1583¢+4.7481x10*#* —7.7042x107" ¢ (6.1)

And then take derivative of the above equation so that relationship of acceleration and
time is obtained. By T’ ¢ =r,ma the fitted drag torque with respect to speed is obtained

as Figure 6.7 and the corresponding fitting function as

T, =-417.2202-16.8534u —2.2865u” +0.065 (6.2)
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Figure 6.7 Fitting of the Drag Torque and Vehicle Speed

Utilize the fitted drag torque with respect to vehicle speed to obtain the longitudinal force
of vehicle, at the initial moment drive steps the pedal and keeps constant, and the bus
keeps accelerating. The signals are read on CAN bus and filtered by a low-pass filter as
the black line in Figure 6.8, which also illustrates other motion states and mass estimating

performance.

The estimator downloaded in the rapid prototype is configured with systematic
resampling, 1000 particles of which mean value are [0,8000] variance is diag ([100
10000000]), and 500ms sample time for reducing computing power consumption. In
Figure 6.8 the dark blue line is vehicle mass estimation result in real time as the bus
accelerating, in the first few seconds the estimated result converges towards the real mass
and then some overshoot come about, but with the estimation going on with information

increasing and updating the estimated result converges to the real value and keeps stable.
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Figure 6.8 Performance of the Vehicle Mass Estimation

6.4 Experiment of Drive Shaft Torque Observation

Console

Figure 6.9 Experiment for Drive Shaft Torque Observation

Configuration of this experiment is shown in Figure 6.9, and Chery electric SUV 3xe, the

drive shafts are connected to dynamometers by flanges, in the connections there are also
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two torque sensors on each side. Control and monitor of the dynamometer and sensors
are in the host computer on console. In order to simulate total drag torque in real road,

drag torque is provided by the dynamometer, meanwhile, wheel speed is measured.

The main parameters of the experimental device are shown in Table 6.2. However, due to
the limitations of the experimental conditions such as lack of CAN bus communication
protocol, such that actual torque output of the motor cannot be measured. Therefore,
according to the external characteristic map of the motor in Figure 6.10, the pedal is
stepped on the bottom to output the maximum motor torque, and the actual motor torque
output is approximately replaced by the maximum torque in the motor external

characteristic map, so that the torque can be known.

Table 6.2 Parameters of Experimental Electric SUV

Parameter Value
Maximum Motor Torque 276Nm
Maximum Motor Power 90kw

Motor Rated Power 46kw

Total Transmission Ratio (fixed) 9.11

Dynamometer Moment of Inertia  5.76kgm?

100.0
94.00
88.00
82.00
76.00
70.00
64.00
58.00
52.00
46.00
40.00

Efﬁciency

To,,

Figure 6.10 PMSM External Characteristic Map
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In the driving torque measurement, the resistance torque includes not only constant
resistance torque from the dynamometer but also frictional drag torque and the inertia
resistance. In this experiment, frictional drag torque and the inertia resistance are still
obtained by acceleration measurement in free-sliding with sample time 1s. As fitted in
Figure 6.11, the fitting function of drive shaft speed @ (rpm) with respect to time #(s) is:

w=642.3043 —-149.1685¢ + 8.8986¢° (6.3)
After unit conversion and derivative calculation, by applying I = J @ the fitted function

of dynamometer frictional drag torque (Nm) with respect to speed (rpm) is obtained as

Equation (6.4) and illustrated in Figure 6.12.
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Figure 6.12 Fitting of the Drag Torque and Sliding Speed

In order to avoid the motor speed increasing exceedingly to get out of the external
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characteristic map and to make the torque unknown after pedal is stepped on, a large
resistance 750Nm from the dynamometer is given such that drive shaft speed will not be

too fast and the motor torque output can be kept in 276Nm.

Set the sample time is Is, step the pedal to the bottom after starting data measuring and
then drive shaft speed increases as the brown line in Figure 6.13. After the speed is
maintained constant for several seconds, the accelerator pedal is quickly released, then
the drive shaft speed drops rapidly under the resistance from the dynamometer until it
stops. Since there is no tire of low torsion stiffness, the drivetrain can be regarded rigid,
therefore, the motor speed can be obtained by multiplying the measured drive shaft speed
by transmission ratio. According to the drive shaft observer designed in 4.3, the
observation is as the dark blue line in Figure 6.13. Because absence of the communication
protocol and indirect measurement of motor torque and speed is not accurate enough, the
actual motor torque is not 276Nm certainly, so that there is deviation between the

measured torque and the observed torque.
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Figure 6.13 Observation of Torque in Drive Shaft
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6.5 Experiment of Active Damping Control for EV Drivetrain

In this section experiment for LQG-QGA joint active damping control algorithm for EV
drivetrain is carried out. However, because of the limitation of experimental equipment,
the driving motor and MCU cannot meet requirements of accuracy and response time
required by the optimal control law. Therefore, the proposed active damping control
method is tested by the rapid control prototype. The control law is downloaded into the
Micro AutoBox as the controller, and utilize the model in dSPACE Simulator to imitate
real electric powertrain, throttle command is given by a host computer that communicates
with the Micro AutoBox, measurement and saving of drivetrain states are realized by
ControlDesk on a host computer of Simulator and MATLAB, communication between
the devices is over CAN bus. The established rapid control prototype system is shown in

Figure 6.14.

Figure 6.14 Experimental Equipment of Active Damping Control for EV Drivetrain

In the host computer for controlling the dSPACE Simulator, there is an EV powertrain
dynamic model established by MATLAB, interfaces of vehicle speed command, motor
speed, wheel speed are left for communications, of which parameters are set identical to
Table 5.2 in 5.4. In the rapid control prototype experiment sample time is set to 10 ms,

the established model is built into C code and sdf file is generated to be downloaded to
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the dSPACE Simulator.

Similar operations are done to the host computer for controlling the Micro Autobox, the
another generated sdf file is downloaded to the Micro AutoBox, and the control command
is given from the host computer. When target speed is given from the ControlDesk, the
EV drivetrain motion states will response as in Figure 6.15. It can be seen that the motor
torque can response rapidly after the target speed command is given to make the wheel
speed to increase or decrease. The control law with the optimized weight parameter is
obtained from calculation with MATLAB with identical parameters to Chapter 5, the
wheel speed under the optimal control law can vary smoothly with little torsional

oscillations, it can track the target speed accurately.
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Figure 6.15 Experiment Results of RCP for Active Damping Control

6.6 Summary

In this chapter experiments are carried out for algorithms proposed in previous chapters,
different experimental schemes are developed for different purpose based on existing
experimental conditions. For the vehicle mass parameter estimation in Chapter 3,
experiment of real electric bus is realized; for the AASTW-based drive shaft torque
observation, experiment of real vehicle and test rig is realized; for the active damping

control for EV drivetrain, experiment is carried out on rapid control prototype system.
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CHAPTER 7: SUMMARY AND PROSPECT

Electric vehicles are playing an increasingly important role in daily life, and various of
types developed after passenger vehicles and commercial vehicles are becoming more
and more abundant. The technical approaches to improve the dynamic and economy
performance of electric vehicles are researched internationally. This thesis is based on the
collaborative project of Beijing Electric Vehicle Co., LTD and Beijing collaborative
innovation center for electric vehicles and is supported financially by National Natural
Science Foundation of China and National Key R&D Program of China, in this thesis
active control algorithms of torsional oscillations are researched with intelligent

parameter estimation and state observation.

7.1 Summary

Because the permanent magnet synchronous motor applied to electric vehicle responses
quickly and there is no fly wheel for buffering and saving energy, and considering the
PMSM torque step output torsional oscillations will come about in the EV drivetrain
comprising elastic-damping parts at the moment of driver tipping in/out and detaching
the synchronizer for shifting, it will further transform into longitudinal shuffle that more
sensitive to human bodies. Taking advantage of the PMSM such as good controllability
and response performance research focusing on active damping control for EV drivetrain

is carried out with several algorithms proposed, which are listed specifically as follows:

(1) Based on the drivetrain structure of electric logistics vehicle, differential dynamic
models are established for all rotational components and the whole drivetrain, from which
several natural frequencies and corresponding modes of the drivetrain are analyzed. The
multi-body dynamics equation is Fourier transformed to obtain the frequency response
function of vehicle body to motor excitation, such that frequency response characteristics
of vehicle body to motor excitation is analyzed, and further necessity and performance of

equipping a torsional damper is discussed further.
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(2) As one of the most important parameter in dynamic control for vehicle drivetrain,
vehicle mass is not only impossible to be measured directly during running but also varies
in large scale with passengers or load, therefore, intelligent parameter estimation for
vehicle mass based on nonlinear filter is proposed. The estimator is based on Monte Carlo
method and is a recursive Bayesian estimation essentially, through processes of
importance sampling and resampling, etc. searching of the vehicle mass is realized from
posterior probability distribution of a large number of particles according to the measured
information of motor speed, vehicle speed and motor torque. The main advantage of the
proposed method is being different from the common Kalman filters, it does not require
to know the statistical characteristics of noise or uncertainties of the systems, so it is

suitable for nonlinear vehicle systems working in complex and random conditions.

(3) In order to obtain the necessary states of EV drivetrain for the active controller, an
accelerated adaptive super-twisting sliding mode observer is proposed for observation of
drivetrain states that are difficult to be measured. By introducing high-order sliding mode,
and adaptive gains and the “system damping” the inherent “chattering” issue, and the
“system damping” can accelerate convergence of observation error obviously because the
region of attraction is expanded and the trajectory of observation error goes in the
attraction region earlier. The proposed novel sliding mode observer is applied to
observation of torque in drive shaft to avoid excessive elastic potential energy
accumulated in the drive shaft is released suddenly to bring vibration and impact, it also

provides necessary state information for active damping control.

(4) With the multi-feedback from the drivetrain states joint optimal active damping
control algorithm is proposed, to active compensate the torsional oscillations in drivetrain
by regulating motor torque output when shifting and launching. The control law is
obtained from the introduced QGA-LQG joint optimal algorithm of which weight
parameter is optimized by quantum genetic algorithm off line rather than subjective
selection. The quantum genetic algorithm applies quantum computing to replace the
binary coding in genetic algorithm with the qubit containing polymorphic information,
and he quantum revolving gate is introduced to realize updating and evolution of the
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chromosomes, the optimization is significantly accelerated.

(5) Based on the proposed algorithms corresponding experimental scheme are designed.
experiment of real electric bus is realized for the vehicle mass estimation; experiment of
real vehicle and test rig is realized for the AASTW-based drive shaft torque observation;
experiment is carried out on rapid control prototype system for the active damping control

for EV drivetrain.

7.2 Prospect and Future Work

Although the research content of this thesis is self-contained logically, there is still a
certain distance to the practical applications. Outlook of the future research work will

focus on the following aspects:

(1) The structure of estimation — state observation — active damping control should be
realized in actual communication, i.e. the necessary state information required by active
damping controller is provided by the state observation unit timely, the required parameter
information is provided by particle filter-based parameter estimation unit timely; and
vehicle mass required by the state observation unit is output by the vehicle mass
parameter estimation unit timely. Therefore, a network between parameter estimation unit,

state observation unit and active control unit can be connected in real time.

(2) At this present, since the ordinary permanent magnet synchronous motor and ordinary
MCU are still incompetent to realize torque control in sufficient high frequency and
accuracy, usually there is still a little deviation between the actual motor torque output
and the torque control command. Active damping control by regulating motor torque
output is still on the way to practical application of real vehicles and it is still prevalent
to improve drivability and shifting quality by decrease loading of motor torque output.
But it is quite prospective with the improvement of motor manufacturing technique and
MCU performance, the active damping control method will be subject to more realistic

experiment and application definitely.
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Appendix A

The moment of inertia matrix J , damping matrix C , stiffness matrix K , angular

displacement vectorf, excitation vector 7" are expressed as follows:

J, 6, 7
Jz 92 0
Jy 0, 0
J = J4 ,0=\0,1, 1= 0|
Js 0; 0
Js 0, 0
i J; | 0, ] | 0 |
K e -
-K, K +K, -K,
-K, K,+K, K,
K= -K, K;+K, -K, ,
-K, K,+K; -K;
-K, K;+K, K,
L —Kq K
c,  -C |

-C, C+C, -C,
-C, C+C -G
C= -, G+C, -C,
-C, C,+C, —C;
-C,  C,+C, -C
_C6 C6 J
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Table B1 Natural Frequencies and Vibration Mode of Electric Drivetrain

Rigid Connection

Equip Torsional Damper
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Order Frequency Mode Shape Order Frequency Mode Shape
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