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ABSTRACT

Stoichiometric air-fuel ratio (AFR) and air/EGR flow control are essential control prob-
lems in today’s advanced spark-ignited (SI) engines to enable effective application of the
three-way-catalyst (TWC) and generation of required torque. External exhaust gas recir-
culation (EGR) can be used in SI engines to help mitigate knock, reduce enrichment and
improve efficiency[1]. However, the introduction of the EGR system increases the complexity
of stoichiometric engine-out lambda and torque management, particularly for high BMEP
commercial vehicle applications. This thesis develops advanced frameworks for sensing and
control architecture designs to enable robust air handling system management, stoichiometric
cylinder air-fuel ratio (AFR) control and three-way-catalyst emission control.

The first work in this thesis derives a physically-based, control-oriented model for turbo-
charged SI engines utilizing cooled EGR and flexible VVA systems. The model includes
the impacts of modulation to any combination of 11 actuators, including the throttle valve,
bypass valve, fuel injection rate, waste-gate, high-pressure (HP) EGR, low-pressure (LP)
EGR, number of firing cylinders, intake and exhaust valve opening and closing timings. A
new cylinder-out gas composition estimation method, based on the inputs’ information of
cylinder charge flow, injected fuel amount, residual gas mass and intake gas compositions,
is proposed in this model. This method can be implemented in the control-oriented model
as a critical input for estimating the exhaust manifold gas compositions. A new flow-based
turbine-out pressure modeling strategy is also proposed in this thesis as a necessary input to
estimate the LP EGR flow rate. Incorporated with these two sub-models, the control-oriented
model is capable to capture the dynamics of pressure, temperature and gas compositions
in manifolds and the cylinder. Thirteen physical parameters, including intake, boost and
exhaust manifolds’ pressures, temperatures, unburnt and burnt mass fractions as well as
the turbocharger speed, are defined as state variables. The outputs such as flow rates and
AFR are modeled as functions of selected states and inputs. The control-oriented model is
validated with a high fidelity SI engine GT-Power model for different operating conditions.
The novelty in this physical modeling work includes the development and incorporation of
the cylinder-out gas composition estimation method and the turbine-out pressure model in

the control-oriented model.
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The second part of the work outlines a novel sensor selection and observer design al-
gorithm for linear time-invariant systems with both process and measurement noise based
on H, optimization to optimize the tradeoff between the observer error and the number of
required sensors. The optimization problem is relaxed to a sequence of convex optimization
problems that minimize the cost function consisting of the H; norm of the observer error
and the weighted [; norm of the observer gain. An LMI formulation allows for efficient
solution via semi-definite programing. The approach is applied here, for the first time, to
a turbo-charged spark-ignited (SI) engine using exhaust gas recirculation to determine the
optimal sensor sets for real-time intake manifold burnt gas mass fraction estimation. Sim-
ulation with the candidate estimator embedded in a high fidelity engine GT-Power model
demonstrates that the optimal sensor sets selected using this algorithm have the best Hs
estimation performance. Sensor redundancy is also analyzed based on the algorithm results.
This algorithm is applicable for any type of modern internal combustion engines to reduce
system design time and experimental efforts typically required for selecting optimal sensor
sets.

The third study develops a model-based sensor selection and controller design frame-
work for robust control of air-fuel-ratio (AFR), air flow and EGR flow for turbocharged
stoichiometric engines using low pressure EGR, waste-gate turbo-charging, intake throttling
and variable valve timing. Model uncertainties, disturbances, transport delays, sensor and
actuator characteristics are considered in this framework. Based on the required control per-
formance and candidate sensor sets, the framework synthesizes an H,, feedback controller
and evaluates the viability of the candidate sensor set through analysis of the structured
singular value p of the closed-loop system in the frequency domain. The framework can also
be used to understand if relaxing the controller performance requirements enables the use
of a simpler (less costly) sensor set. The sensor selection and controller co-design approach
is applied here, for the first time, to turbo-charged engines using exhaust gas circulation.
High fidelity GT-Power simulations are used to validate the approach. The novelty of the
work in this part can be summarized as follows: (1) A novel control strategy is proposed
for the stoichiometric SI engines using low pressure EGR to simultaneously satisfy both the

AFR and air/EGR-path control performance requirements; (2) A parametrical method to
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simultaneously select the sensors and design the controller is first proposed for the internal
combustion engines.

In the fourth part of the work, a novel two-loop estimation and control strategy is pro-
posed to reduce the emission of the three-way-catalyst (TWC). In the outer loop, an FOS
estimator consisting of a TWC model and an extended Kalman-filter is used to estimate the
current TWC fractional oxygen state (FOS) and a robust controller is used to control the
TWC FOS by manipulating the desired engine A\. The outer loop estimator and controller
are combined with an existing inner loop controller. The inner loop controller controls the
engine A based on the desired A\ value and the control inaccuracies are considered and com-
pensated by the outer loop robust controller. This control strategy achieves good emission
reduction performance and has advantages over the constant A control strategy and the

conventional two-loop switch-type control strategy.
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1. INTRODUCTION

1.1 Motivation

Internal combustion engines are widely used in transport, power generation and other
applications. Based on the difference of combination processes, the engine can be divided
into two types: compression ignition (CI) engines and spark ignition (SI) engines. In CI
engines, the air-fuel mixture is auto ignited by the heat of the compressed air. Fuel with low
self-ignited temperatures, such as diesel, is the major power sources for the CI engine. In SI
engines, the spark produced by the spark plug is used to ignite the mixture of air and fuel.
SI engines take fuel with higher self-ignited temperatures such as gasoline and natural gas.
Compared to the CI engines, the SI engines usually have lower costs and produce less noise.
However, the lower brake mean effective pressure (BMEP) indicates less power generation
from SI engines and the additional throttle brings in pumping losses which lowers down the
engine efficiency.

The control of fuel and air in spark-ignited engines has increasingly became a challenge
with the incorporation of turbo-charging, exhaust gas recirculation (EGR), valvetrain flexi-
bility, and more stringent emission regulations. To enable effective stoichiometric air-to-fuel
ratio control, the engine flow and composition must be accurately and robustly measured
or estimated. The only viable option is to use algorithms to estimate the engine mass flow
and composition. Five difficulties have to be taken into consideration for the engine air han-
dling sensor and observer (i.e. estimator) design problem: (1) nonlinear system dynamics;
(2) measurement uncertainties, including sensor delays and noise; (3) multivariate interac-
tions; (4) engine variability for different operation conditions and (5) the trade-off between
estimation accuracy and sensor costs.

Previous studies in the field of engine air handling system management have focused
on the observer design based on pre-selected sensor sets [2][3][1][5]. However, considering
the increasing complexity of today’s engine systems and sensor characteristics, the choice of
optimal air handling sensor set is not obvious; and it can be time-consuming and error prone
if ‘guess and check’ experimental or simulation approaches are used. With the increasing va-

riety of available sensors, the possible combinations of sensors will grow quickly. Brute-force
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experimentation with different sensors is very expensive and time-consuming, and may need
to be redone even when there are minor changes to the engine system or control strategies. In
order to effectively solve the problem, an algorithm for optimal sensor selection and observer
design for the engine air handling system is outlined and demonstrated in this work.

The sensor selection and controller design are also coupled problems since the control
commands are always calculated based on sensor feedback signals. Proper sensor selection
is critical for successful engine and control system designs. The most appropriate candidate
control algorithms will depend on the sensing strategy selected. Ideally, sensor character-
istics including noise, accuracy, dynamics, and delays would be taken into account when
designing the controllers to achieve desired control performance. In the SI engine control
problem, feedforward-feedback control is usually used for fast transient response and steady-
state tracking performance. The sensor measurements can be used by the feedback controller
or/and the feedforward controller. Experimental testing is one way to select sensor config-
urations and calibrate controller parameters. However, this method can be expensive and
time-consuming, and may need to be redone even when there are minor changes to the engine
system or the sensor/actuator characteristics. Therefore, a co-design strategy for both the
sensing approach and control algorithm is desired to effectively select the acceptable sensor
configurations and robustly design the controllers.

Emission control is also an essential control problem in today’s advanced SI engines to
meet the stringent emission regulations. The three-way-catalyst (TWC) is the most com-
monly used aftertreatment system in SI engines. TWC works as a buffer to store or release
oxygen and increases the operating window about the stoichiometric air-to-fuel ratio (AFR).
The fractional oxidation state (FOS) of TWC is a key control parameter for emission reduc-
tions. By manipulating the desired engine AFR, the TWC oxygen storage can be kept at the
desired level to reduce emissions. Due to the lack of sensors, FOS is typically estimated by
models. The model-based estimation can result in inaccurate estimations and thus limits the
control performance. Some detailed chemical and thermodynamic-based models have been
developed to describe the complex TWC chemical reactions by sets of partial differential
equations (PDEs) in time and space[6][7]. Though such models could provide good esti-

mations of FOS, they are not well-suited for controller designs. Moreover, the pre-existing
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discrepancy between AFR command and actual AFR brings additional difficulties to the
FOS controller. Considering all the challenges, a robust control strategy for the TWC FOS

based on closed-loop FOS estimations is preferred for emission reductions.

1.2 Literature Review

1.2.1 Sensor Selection Algorithms

The sensor selection problem can be described as finding the sensor set which gives the
best or acceptable performance over all possible sensor combinations.

As described in more detail in the following paragraphs, several mathematical methods
have been developed to solve the sensor selection problem, including greedy algorithms and
convex optimization. Greedy algorithms aim to find a global optimum by making the locally
optimal choice at each stage. The solution computed by the greedy algorithm is not always
globally optimum. Convex optimization problems have the property that any found local
optimal will also be global. While most formulations are nonconvex, sometimes it is possible
to convexify them with minimum or no impact on the solution to take advantage of the
solution properties as well as of available solvers [£][9][10].

Sensor selection methods have been applied to various areas. In [L1], the authors pro-
posed three sensor selection algorithms for signal target tracking problems based on different
resource and performance metrics. In another paper [12], the authors explored the use of ran-
domization and a super-heuristic in multiple targets tracking problem to improve any given
sensor set solution via random perturbation. That approach is more suitable for systems
with little structure and for which the cost of solution evaluation is not high. In [13], the
authors studied a randomized greedy algorithm for near-optimal sensor scheduling in large-
scale sensor networks. In [11], a greedy algorithm based on two submodular cost functions,
the weighted frame potential and the weighted log-det, was developed for the sensor selection
problem in non-linear measurement models with additive normally distributed noise. Several
sensor selection algorithms based on convex optimization or relaxation have also been ap-
plied to flexible structures. In [15][16][17] and [18], the weighed l; norm (without considering

measurement noise) or ly norm of the observer gain was used to represent the sensor number,
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and minimized along with the Hs norm of the estimation error. The optimization problem
was solved via SDP [15][10], alternating direction method of multipliers (ADMM) [17] and
proximal methods [18]. In [19], several functions of the Cramer—Rao bound (CRB) were
used as a performance measure and the sensor selection problem was formulated to minimize
the CRB functions and a sparse selection vector. In [%], the authors computed the optimal
sensor set among candidate linear measurements corrupted with normally distributed noises.
The maximum-likelihood estimation errors were used as the performance evaluations.

In the application of engine sensor selection, methods include experimentation-based
sensor selection and algorithm-based sensor selection. In [20], the best sensor configuration
for a heavy-duty engine was found based on experimental results by testing each sensor
design. In [21], the authors implemented a sensor selection algorithm for aircraft gas turbine
engine healthy parameter estimation by minimizing the cost function of the estimation error
and financial cost via a greedy algorithm. In [22], the authors determined the best sensor
configurations among three candidate sensor configurations for air-fuel-ratio control in a
spark ignited engine. Different controllers were designed for candidate sensor configurations.
An objective function incorporating the overall system cost and controller performance as
the optimization target was used, with solution via a genetic algorithm. In[23], the authors
proposed a methodology for fault diagnosis sensor selection based on Dg-optimal FDI test
design that maximized the sensitivity of outputs to anticipated faults and applied it in a

diesel engine air handling system. The problem was solved using a heuristic method.

1.2.2 Air/EGR-Path Control

Several air-path control design studies have been done for SI engines with external EGR.
In [21], the authors studied the charge control strategy for direct injection spark-ignited
(DISI) engines with EGR. A nonlinear proportional-integral (PI) controller is combined
with an adaptive burnt gas fraction observer to control the intake pressure and EGR flow
based on the measurements of intake temperature sensor, intake pressure sensor, throttle
flow sensor (MAF) and a universal exhaust-gas oxygen (UEGO) sensor. In [25], the authors
developed an open-loop, linear time-varying model predictive controller (LTV-MPC) to track
transient desired LP EGR rates for a gasoline turbocharged direct injection (GTDI) engine
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with dual independent variable valve timing (VVT) by manipulating the LP EGR valve
and modifying the VVT from an existing, baseline calibration. The MPC assumed a torque
control strategy already existed to manage throttle, wastegate, fuel and spark timing. In
[26], the authors proposed a fuel-efficient nonlinear model predictive control strategy with a
disturbance observer to track an indicated mean effective pressure (IMEP) reference. The
MPC was assumed to work with a perfect stoichiometric AFR controller. In[27], the author
utilized the relative gain array (RGA) method to analyze the cross connections between
air-path control inputs (throttle position, EGR valve position, waste-gate position) and
outputs (intake pressure, intake EGR ratio) and proposed three candidate decentralized
control strategies. All three controllers were assumed to work with a perfect fuel controller
which ensured the engine was always running at the stoichiometric condition.

The above mentioned research focused on air-path or EGR flow control. The effort de-
scribed in this thesis focuses instead on the development and validation of coordinated air
flow, EGR flow and AFR control for stoichiometric engines using EGR, waste-gate turbo-
charging, intake throttling and variable valve timing (VVT). As of result of air/EGR-path
dynamics and measurement inaccuracy, there are always some flow control errors during
steady-state or transient conditions. Considering the interactions between the air/EGR-
path control performance and the AFR control performance, the flow control inaccuracy will
further result in errors in AFR control, which has a very tight control target for the stoichio-
metric SI engines. Previous research has studied the air-path and AFR control strategies for
other types of engines with EGR, including diesel engines[28][29] and homogeneous charge
compression ignition (HCCI) engines[30], but did not consider stoichiometric SI engines.
Considering the different AFR control accuracy requirements and significant combustion
differences, these control strategies are not expected to be suitable for stoichiometric SI

engines.

1.2.3 Air-to-fuel Ratio Control

Many strategies for SI engine AFR control have been developed. These include open-
loop feedforward control, closed-loop feedback control, and feedforward-feedback control[31].

Typical feedforward controllers rely on fast table look-up, estimation, and measurements of
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mass air flow (MAF) or manifold absolute pressure (MAP) to calculate a first estimation
of the desirable fueling amount. As a result, the feedforward control performance highly
depends on the estimation and measurement accuracy, and the look-up table calibration.
Typical feedback controllers rely on oxygen sensors— narrow-band exhaust-gas oxygen (EGO)
or wide-band universal exhaust-gas oxygen (UEGO) sensors placed in the exhaust system.
EGO sensors can only provide the information about whether the combustion is lean, rich or
stoichiometric. Alternatively, the output voltage of wide range oxygen sensor UEGO depends
on A nonlinearly. AFR feedback controllers are therefore quite a bit different depending
on the type of oxygen sensor(s) used. A significant benefit of the feedforward-feedback
combination is that the feedforward controller can quickly respond to the transient operation
and help the combustion maintain near stoichiometric operation while the feedback control
actions are inherently slower due to the transport delay and chemical characteristic of the
exhaust oxygen sensor[32]. In best practice, the feedback controller can compensate for
feedforward fueling errors during closer to steady-state operations.

In this application area, many controllers have been developed, including PID control,
robust control, linear quadratic Gaussian (LQG) control, adaptive control, fuzzy control,
sliding mode control (SMC) and model predictive control (MPC). In [33], an adaptive delay-
compensated PID feedback controller based on UEGO signal was applied to an SI engine
for AFR control. In [31], a gain-scheduled H., controller was designed to track reference
AFR and minimize the effects of disturbances on the AFR for an SI engine based on the
UEGO sensor measurement. In [35], an LQG controller was designed based on the linear
model of the engine system to maintain the AFR in an allowable range. In [30], two adaptive
controllers, adaptive feed-forward controller (AFFC) and adaptive posicast control (APC)
were designed and tested on a vehicle for AFR control. In [37], a cost-effective fuzzy control
system was applied to a small SI engine to regulate fuel injectors. Based on the engine speed
and intake manifold pressure, the system determined the required fuel amount from a fuzzy
algorithm and the parameters of the fuzzy control paradigm was a collection of rules and
fuzzy-set membership functions. In [33], a sliding mode controller was applied to improve
the accuracy of the AFR feedback control loop and a self-tuning control (STC) was added
to the SMC to optimize the SMC gains sequentially. In [39], a neural network model-based
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MPC controller was applied to a mean-value SI engine model for stoichiometric control with

throttle angle considered as the disturbance. The neural network model used information

from multiple variables and considers engine dynamics to do multi-step ahead prediction.
For all of the above mentioned studies, the controllers are designed based on already-

selected sensor sets.

1.2.4 Three-way-catalyst Emission Control

The three-way-catalyst (TWC) is the most commonly used aftertreatment system in SI
engines now. TWC can be used to simultaneously reduce the three major pollutants in the
engine-out exhaust, carbon monoxide (CO), unburnt hydrocarbons (HC) and nitrogen oxides
(NO,,) for SI engines. The reductants HC and CO can be oxidized into carbon dioxide (COy)
and water (H2O) by oxygen while the oxidant NO can be converted into nitrogen (N2) and
CO, by CO. However, the relative AFR window for achieving both oxidation and reduction
simultaneously is very narrow, bringing difficulties to the engine AFR control system.

Consisting of Cerium oxides and precious metals[32], the TWC has an ability to store
oxygen in lean conditions and release oxygen in rich conditions. Therefore, TWC works as a
buffer to store or release oxygen and increases the operating window about the stoichiometric
AFR.

Several TWC control strategies have been developed. A conventional approach is to use
a PI controller to correct the engine fueling command by a multiplicative factor based on
a single switch-type A sensor upstream of the TWC[10]. The controller parameters need
to be experimentally identified for every operating point and the TWC oxygen storage dy-
namics are not considered in this method. A more advanced TWC control method is to
use a cascade control structure based on both TWC upstream and downstream A sensors.
In [11], a fore controller is designed to respond relatively quickly to AFR disturbances on
the basis of pre-catalyst UEGO sensor signal and an aft controller is developed to adjust
the setpoint of the fore controller on the basis of both pre-catalyst and post-catalyst UEGO
sensors’ measurements. In [12]; a model predictive controller was designed as the primary
control loop within a multi-rate cascade control configuration that adapted the parameters

of a post-catalyst HEGO relay controller in an optimal manner using a predictive functional
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control approach. The relay controller adjusted the target of a delay-compensated feedback
controller for the pre-catalyst AFR to maintain the post-catalyst HEGO sensor signal within
a specified range of the desired target voltage. The cascade control structure can further be
combined with TWC oxygen storage level estimators. In [13], a TWC model was developed
based on detailed first-principles reaction kinetics, subsequent averaging and model reduc-
tion. An outer loop PI controller was designed to control the model predicted TWC oxygen
storage level by correcting the engine A set point and an inner controller was developed to

control the engine A based on the outer loop command.

1.3 Contributions

1.3.1 Nonlinear Control-oriented Spark Ignition Engine Model Development

A physically-based, control-oriented state-space model of a 2.8L turbo-charged SI engine
was derived, and then implemented in SIMULINK. The model includes intake, exhaust and
boost manifolds filling dynamics. The turbocharger dynamics were modeled using a map
reduction method. Two cooled EGR loops, high pressure (HP) EGR and low pressure (LP)
EGR, are included in this model. The model includes the impact of modulation to any
combination of 11 actuators, including the throttle valve, compressor bypass valve, fueling
rate, waste gate, HP EGR valve, LP EGR valve, number of firing cylinders, intake valve
open (IVO) timing, intake valve close (IVC) timing, exhaust valve open (EVO) timing and
exhaust valve close (EVC) timing. Valve flow rates were modeled based on orifice equations.
The insights learned in this work contributed to future engine control-oriented modeling

efforts.

1.3.2 Cylinder-out Composition Modeling

A new composition model for the cylinder was proposed in this thesis to track the
cylinder-out flow gas compositions with the assistance of Dheeraj Bharadwaj Gosala, PhD.
This model utilizes cylinder charge flow, injected fuel amount, residual gas mass and intake
manifold gas mass fractions to estimate the cylinder-out gas compositions, which are key

parameters to predict exhaust manifold gas compositions. The model is physically-based
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and contains no tuning parameters, allowing it to be implemented in the SI engine control-

oriented model. This model is one of the novel work done by this thesis.

1.3.3 Cylinder-Out Temperature Modeling

The cylinder-out temperature is a key parameter to predict the exhaust manifold con-
ditions. The effects of residual gas and fuel mass on the cylinder-out temperature were
investigated. The simulation results indicate that the accuracy of Otto cycle-based cylinder-
out temperature estimation are sensitive to the residual gas mass prediction especially at low
engine speeds and low throttle angle operating ranges while the fuel mass has few effects.
The neglect of residual gas mass leads to large estimation errors of the cylinder-out temper-
ature or even results in reverse trends of the estimation results. This investigation work is
unique to illustrate the necessity of modeling the residual gas mass by comparison results.
The insights discovered in this investigation contributed to improving the accuracy of the
control-oriented model. To achieve better estimation accuracy, the proposed cylinder-out
temperature model also considers the EGR effects and the heat transfer during the exhaust
blowdown process, which are usually not modeled in other Otto cycle models. The model
achieved good estimation results of the cylinder-out temperature with an error of 30K for

different engine operating conditions.

1.3.4 Turbine-Out Pressure Modeling

The turbine-out pressure is a necessary parameter for the LP EGR flow estimation. For
the turbo-charged engine utilizing LP EGR, the turbine-out pressure cannot be simply set
as ambient or other constant pressure value. As the upstream pressure of LP EGR valve,
the accuracy of turbine-out pressure modeling affects the EGR flow rate estimation and
thus the air handling system control. Moreover, the turbine flow estimation usually requires
the value of turbine-out pressure as an input. In this thesis, a new flow-based turbine-out
pressure estimation method was proposed. The utilization of this method contributed to the

predictions of turbine flow and LP EGR flow.
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1.3.5 Detailed Spark Ignition Engine Model in GT-Power

A detailed 2.8L turbocharged direct injection SI engine model with VVA system and
dual EGR loops including HP EGR and LP EGR was developed in GT-Power software.
The GT-Power model was used as the truth-reference and provided key parameters for the
development and validation of the control-oriented model. This model was also used as a
virtual test bench to test the designed observers and controllers. The insights learned in this

work contributed to future SI engine modeling and validation work.

1.3.6 Spark Ignition Engine Model Linearization and Validation

The control-oriented nonlinear model was linearized based on the first-order Taylor ex-
pansion at the equilibrium point. Analysis was performed before the linearization to select
proper sets of equations built for different conditions and deal with cycle-related terms. The
linear state space model was used to perform control analysis. Both of the nonlinear and
linear models were validated with a high fidelity SI engine GT-Power model for different
engine operating conditions and achieved good estimation performance. The utilization of
this model would allow for the implementation of the sensor selection frameworks to design

optimal sensing architectures of the SI engine air handling system.

1.3.7 Model Uncertainty Estimation

Two new estimation models to quantify the model uncertainties were proposed in this
thesis. Both methods were developed based on the comparison results between the truth-
reference data and the model outputs. The first method is to calculate the error covariance
of the derivatives of the linear model states in time-domain simulations. This method can be
implemented in the state-space form to account for model uncertainties. The second method
is to calculate the maximum relative steady-state errors of the linear model states compared
to the truth-reference data, estimate the high frequency errors, and formulate these two errors
in the frequency domain. Both of these two estimation methods worked well in the two sensor

selection frameworks. The utilization of these two novel methods enabled the application of
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sensor selection frameworks on actual physical systems by reasonably quantifying the effects

of modeling errors.

1.3.8 Sensor and Actuator Dynamics Modeling

To account for the effects of sensor and actuator characteristics, first-order expressions
were used to formulate their delays. The measurement noise was modeled in two different
ways. The first method is to model the measurement noise as a diagonal matrix in the state
space model based on the sensor accuracy. The second method, which is novel, is to model
the bias error and precision error separately in frequency domain based on sensor accuracy
and Fast Fourier Analysis (FFT) of the steady state measurements. These modeling efforts
introduced the dynamics of sensors and actuators, and thus was critical to sensor architecture
designs of the SI engine air handling system. The insights learned in this work would also

contribute to future modeling work of sensors and actuators.

1.3.9 Sensor System and Observer Co-Design Framework Development

A sensor system and observer co-design framework based on H, optimization was devel-
oped to optimize the tradeoff between the observer error and the number of required sensors.
The optimization problem was relaxed to a sequence of convex optimization problems that
minimize the cost function consisting of the Hy norm of the observer error and the weighted [;
norm of the observer gain. An LMI formulation allows for efficient solution via semi-definite
programming. The approach was applied to a physical-based control-oriented turbo-charged
SI engine model with EGR to determine the optimal sensor sets for real-time intake manifold
burnt gas mass fraction estimations. Simulation demonstrated that the optimal sensor sets
computed using this algorithm had the best H, estimation performance, as expected, and
desired. Sensor redundancy was also analyzed based on the algorithm results. This approach
reduced computation time and experimental efforts typically required for selecting optimal
sensor sets for a complex engine system.

This framework is a novel sensor selection framework for the engine air handling system

and it has the following potentials:
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1. This framework allows for evaluating the sensor redundancy.

2. The estimation performance of different sensing architectures can be compared based
on the framework computation results instead of a large amount of experimental work.

3. The computed observer gain can be integrated to the engine control unit (ECU) and

capable for observer switch in case of sensor failure.

1.3.10 Robust Control Based Sensor System and Controller Co-Design Frame-
work Development

A sensor system and controller co-design framework based on robust performance was
developed. This algorithm decided whether the system could achieve the required robust
performance with the given set of sensors. It computed the structured singular value p of
the closed-loop system while synthesizing an H,, controller based on the given set of sensor.
If o is less than 1, a linear controller can be found for the current sensor set to make the
closed-loop system achieve performance objectives. The lower the p is, the more robust the
closed-loop system will be. In this way, the acceptable sensor sets could be found by this
framework. The framework was applied to an SI engine utilizing LP EGR to select suitable
sensor sets for stoichiometric AFR and air/EGR-path controls. The framework designed
sensing and control strategies were tested on a high fidelity SI engine GT-Power model. The
simulation results demonstrated that the designed strategies achieved the desired AFR and
air/EGR path control performance.

This framework is a novel method to simultaneously co-design the sensing and control
strategies for the engine system and it has the following potentials:

1. With this framework, alternative sensors can be analyzed for cost, redundancy and/or
robust performance even with sensor failure in the set.

2. This framework allows for evaluating the tradeoff between sensor characteristics and

performance requirements.

1.3.11 TWC Oxygen Storage Level Estimation and Control

A novel two-loop control stratagy was developed for the TWC oxygen storage level control

to reduce the emissions. In the outer loop, an FOS estimator consisting of a TWC model and
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an extended Kalman-filter was designed to estimate the current TWC fractional oxygen state
(FOS) and a robust controller was developed to control the TWC FOS by manipulating the
desired engine A. The outer loop estimator and controller were combined with an existing
inner loop controller which controlled the engine A based on the A set point. In this novel
control strategy, the inner loop control inaccuracies are considered and compensated by the

outer loop robust controller, which is different from the conventional TWC control strategies.
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2. PHYSICALLY-BASED CONTROL-ORIENTED ENGINE
MODELING

2.1 Motivation

The physically-based, control-oriented mean-value model (MVM), is a very useful tool
for control and diagnostic analysis. Compared to crank angle based models, MVMs describe
variations slower than an engine cycle, and as such, typically have a frequency range of about
0.1-50Hz[32]. Such a model can capture the vast majority of the engine and sensor dynamics.
Unlike the ‘data driven’ black-box model, state variables usually represent physical quantities
and the model does not generally require a large amount of data for model training/tuning. In
this chapter, a control-oriented SI engine model which includes gas exchange process, cylinder
combustion process and turbocharger dynamics is developed. The first principle approach is
used to model key parameters for the engine systems and air handling sensors/actuators. The
state-space model can be easily obtained by using the variables and equations defined in this
chapter for further control analysis. In comparison to the open literature, novel contribution
of effort described in this chapter includes in-cylinder gas composition modeling, cylinder-out

temperature model sensitivity investigation and turbine-out pressure estimation.

2.2 Engine Architecture

The engine model architecture is shown in Fig. 2.1. The model is a mean-value engine
model developed in MATLAB and SIMULINK based on [32][44][45] [40]. It is equipped with
both HP EGR and LP EGR paths.

2.3 Gas Exchange Model Development

In this section, the gas exchange process of the SI engine is modeled. The gas exchange
model is formulated as first derivatives of manifold pressures, temperatures and compositions
based on manifold filling dynamics. Three manifolds, boost, intake and exhaust manifolds
are considered in this model. The following variables are modeled in this section:

1. Boost Manifold Pressure B,
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Figure 2.1. : Engine architecture.

2. Intake Manifold Pressure P,

3. Exhaust Manifold Pressure P,,,
4. Boost Manifold Temperature Tj,,
5.
6
7
8
9

Intake Manifold Temperature 7,

. Exhaust Manifold Temperature T,

. Boost Manifold Unburnt Gas Mass Fraction Fipm,
. Boost Manifold Burnt Gas Mass Fraction Fy, py,

. Intake Manifold Unburnt Gas Mass Fraction Fip i,

10. Intake Manifold Burnt Gas Mass Fraction Fj i,

11. Exhaust Manifold Unburnt Gas Mass Fraction Fjem

12. Exhaust Manifold Burnt Gas Mass Fraction Fj ¢,
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2.3.1 Manifold Pressure

The manifold pressures are modeled as following:

: R
Pbm = ’Ybn‘; b [WcompTcac - WthrTbm - Wbyprm]
bm
: o rYimRim
Pim - v [WthrTbm + WegrhTegrh - chlﬂm] (21)
- ermRem
Pem = V. [chloutTcylout - WturbTem - ngTem - WegrhTem]

where P, VT, R, W denote the pressure, volume, temperature, mass-specific gas constant,
mass flow rate, respectively. Subscripts of bm, im, em, comp, thr, cac, byp, egrh, cyl, cylout,
turb, wg denote boost manifold, intake manifold, exhaust manifold, compressor, throttle,

charge air cooler, bypass, high pressure EGR, cylinder, cylinder-out, turbine, waste-gate,

respectively.

2.3.2 Manifold Temperature

The manifold temperatures are modeled as following:

: Ry Ty
Tom = Pb Vb [Wcomp<70acTcac - Tbm) - (Wthr + Wbyp) (")/mebm - Tbm)]
: R, T,
T‘im = PV [Wthr (P)/mebm - ﬂm) + Wegrh(’)/egrhTegrh - ﬂm) - chl('-)/imj’im - 7-‘1771)] (22)
RemTem

Tem = PV [chlout (’chloutTcylout - Tem) - (Wturb + ng + Wegrh)(’YemTem - Tem)]

where v denotes the gas specific heat ratio.
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2.3.3 Manifold Composition

The manifold compositions are modeled as following:

Ry Tym
Fub bm — ’ ’ [Vleet(l Fub,bm) + Wegrl<Fub,em Fub,bm)]
Pbm%m
Ry Tom
Fb bm — b ’ [I/Vinlet(o - Fb,bm) + Wegrl(Fb,em - Fb,bm)]
Pbm‘/bm
Fub,im = [Wthr(Fub,bm - Fub,im) + Wegrh<Fub,em - Fub,im)]
P Vim
R T (2.3)
Fb,im = [Wthr(Fb,bm - Fb,im) + Wegrh(Fb,em - Fb,im)]
PiriVim
. Rem em
Fub,em = Pem‘/em [chlout(Fub,cylout — Fub,em)]
; RemTem
Fb,em - Pem‘/;m [chlout<Fb,cylout - Fb,em)]

where F' denotes the mass fraction. The subscripts ub and b stand for unburnt gas and burnt

gas, respectively.

2.4 Flow Model

2.4.1 Valve Flow Model

The valve mass flow rates are modeled by the following orifice equation[32]:

Rnﬁ Pout
W = Acyy ’_RTinf( Pm)

(P - Jf—ll(%f)g—(%:ﬁﬂ ()= ()T )

5 ()= ()7

where v is the gas specific heat ratio, A is the valve effective area, F,,; is the downstream

/N
2

=+ N
—

N——
2
L

pressure, P, and T}, are the upstream pressure and temperature, respectively.
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2.4.2 Cylinder Charge Flow Model

The cylinder is treated as an open system during the gas exchange process from IVO
(intake valve open) to IVC (intake valve close). An energy balance equation based on the
First Law is used to describe the process as shown in Fig. 2.2. This model is developed from

a diesel engine volumetric efficiency model proposed in [11].
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wc

Figure 2.2. : Gas exchange process from IVO to IVC.

The energy balance equation is listed as following:

Eive = Eresidual + Evack fiow + Efreshcharge — Episton + Eheattrans fer (2.5)
where F denotes energy.

The six energy terms in equation (2.5) are:

1. Cylinder gas energy at IVC, Ej,.

2. Residual exhaust gas energy at IVO, E,csidual

3. Back flow exhaust gas energy from IVO to EVC (exhaust valve close), Epack fiow

4. Fresh charge gas energy from intake manifold to cylinder during IVO to IVC, Ef,eshcharge

5. Piston work energy done by cylinder gas from IVO to IVC |, E,ison
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6. Heat transfer to cylinder gas from IVO to IVC, Epeqttrans fer
Cylinder gas energy at IVC Ej,. is calculated by:

‘/;'Uc Yive »
Eivc = Pl ( Veff> ‘/ivc% (26)

where 7;,. is the gas specific heat ratio, specific heat (constant volume) and ideal gas constant
for the gas trapped in cylinder at IVC. At IVC, the gas mixture trapped in cylinder consists
of residual gas, external EGR and fresh charge. Since the major composition is the fresh

charge, i, is assumed to be the same as the air specific heat ratio v,;,,=1.35. V, is the

'UCCff

effective IVC volume defined as the volume of the point in the compression stroke (modeled

as an isentropic process) whose pressure equals the intake manifold pressure. In this model,

Vi = 16.9Viyc.

VCef f -

Residual exhaust gas energy at IVO E,.osqua is calculated by:

5 e e odurne if (IVO< EV() .
residual — .
/Yb“/”nt CU urnt :
F m(%) Vi et if - (IVO > EVO)

Back flow exhaust gas energy from IVO to EVC Ejerfi0w s calculated by:

(Pem‘/evc - Pemv;vo) w 1f (IVO < EVC)
Ebackflow - burnt (28)
0 if (IVO> EVC)

Fresh charge gas energy from intake manifold to cylinder during IVO to IVC Etyesheharge
is calculated by:

Efreshcha’r e = MchargeC airﬂm (29)
g ge~p,

where the effects of exhaust recirculation gas on the gas constants are ignored.

Piston work energy done by cylinder gas from IVO to IVC E,;s0n is calculated by:

Ep = ]Dl (‘/ivc,eff - V;vo) (210)
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Heat transfer to cylinder gas from IVO to IVC Epeqttransfer is calculated by:
Eq = h'ivo—ivc (Twall - 7—‘1771) SAivo—ivc (211>

where T,y is the cylinder temperature and is assumed as a constant value 400K. Ay jpe 1S

heat transfer coefficient and is calculated by Woschni’s correlation [17].
—0.2 0.8 —0.55 N
Rivo—ive = 3.26 - B~ 7+ P, T, -16.18-2-5- 60 (2.12)

where NN is the engine speed, B is the cylinder bore and S is the cylinder stroke. SA; pive is
the integrated surface area from IVO to IVC and is calculated by:

B\? IVC —1VO
N = By e | 2 2.1
SAI’UOI’UC <2TC( 2 > + n B llUO ) 60N ( 3)

The cylinder volumes vy, (at IVO), vipe (IVC), vy (at EVO (exhaust valve open)) and
Veve (EVC) are calculated by:

Tivo = Tide + (lrod + Terk) — Terk - c0S(IV O) \/lmd (Fepi - sin (IVO))?
Tive = Ttde + (lrod + Terk) — Terk - cos(IVC \/l (Ferge - 5in (IVC))? (2.14)
Tevo = Tide + (lrod + Terk) = Terk - c08(EVO) = \/2yg = (reps - sin (EVO))? |
Zeve = Ttde + (lrod + Terk) — Terk - cOS(EV ) — \/lmd (Fei - sin (EVC))?
Vivo = Acyzl“iuo
Vive = Acylivivc
(2.15)

V:evo - Acylxevo
‘/evc = Acylxevc

nB2

where is A,y is the cross-section area of cylinder and A, = *~.
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The cylinder integrated cylinder height change from IVO to IVC l;,,_ivc is calculated by
livo + live listed as following;:

Two  if (IVO < 360°)

livo = (2.16)
—Ziwo 1f (IVO > 360°)
2 (x4g0 + S) — wive if  (IVO < 540°)
live = t (2.17)
—Tiye if (IVC > 540°)
The cylinder fresh charge mass over one cycle can be expressed by:
(Eve — E. — By + E, — E,)
charge = 2.18
ich g ﬂmcp,air ( )
And the cylinder charge mass flow rate is:
N
Wcharge - mchargeﬁo (219>

The final expression of the cylinder fresh charge mass flow rate for the positive valve

overlap (PVO) case, i.e., IVO < EVC, is:

‘/i’UCeff ’Yair‘
Pim ‘/ivc Cv,airN

Vive
S T RN T
B N (PernVivo(Coburnt — Cppurnt) + Pem VeveCp purnt) (2.20)
120¢p air Tim Ryurnt
N (P, (Vivcers — Vivo) = hivo—ive(Twait — Tim)S Aivo—ive)

* 1200p,ai7",1—'im
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The final expression of the cylinder fresh charge mass flow rate for the negative valve

overlap (NVO) case, i.e., IVO > EVC, is:

N ‘/ivc Yair Co V. Tournt - -
Wc arge — Tonm Pim‘/ivc —=I T Pem‘/ivo (evc) _v,ournt
harg 120ﬂmcp,air < ( ngc > Rair Mvo Rbu’r‘nt (2 21)

N
oo (L (Vi — Vo) — hivo—ive(Twatt — Tim) S Aivo_i
+120ﬂmcp,air( m (V;Uc,eff V;vo) hwo wc( wall 1m)S ivo wc)

2.5 Combustion Model Development

2.5.1 Cylinder-out Composition

In this composition model, the cylinder-out gas mixture consists of the following three
compositions:

1. Cylinder-out Unburnt Gas Mass Fraction, Fyup cyiout-

2. Cylinder-out Burnt Gas Mass Fraction, Fy cyiout-

3. Cylinder-out Unburnt Hydrocarbon Mass Fraction, Fypc cyiout-

The modeling of in-cylinder composition before and after combustion considers two dif-

ferent cases: leaner than stoichiometry and richer than stoichiometry.

Leaner Combustion

For the leaner combustion case shown in Fig. 2.3, the condition and cylinder-out gas

compositions are modeled as following:

AFRstgcomb(mfuel + Fuhc,immchm‘ge) < Fb,immcharge

Fub,immcharge - AFRstgcomb (mfuel + Fuhc,immcharge)
Mcharge + m fuel + Mypes
(AFRg + 1) €comb (M fuel + FuncimMeharge) + FbimMeharge + Myes
Mcharge + M fyel + Myes

Fub,cylout -

(2.22)

Fb,cylout =
Fuhc,cylout =1- Fb,cylout - Fub,cylout

where AF Ry, M pyel, Mcharges Mres denote the stoichiometric AFR of the fuel, the mass of
the directly injected fuel per cycle, the mass of total cylinder charged gas mixture per cycle,

residual gas trapped in cylinder at intake valve close (IVC), respectively. The parameter
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Ecomp 18 a factor between 0 and 1 to describe the combustion level. If €., = 1, the air-fuel

mixture is completely combusted. If €..,,, = 0, the air-fuel mixture is not burnt at all.

Fresh air Fuel Recirculated burned
Before gases and Residual Gas
Combustion
Etb.rmmchmge Wlﬁml + F;/hc,immchmge F b.im mclmrge + mres
After combustion / ZLV\\%
L \
Unburned fresh air Combusted gases Unburned fuel Recirculated
burned gases and
ub i Meharge (AF R, + 1) Eoomp % (1 ~ Eecomb )X Residual Gas
AFRsIgcomb (’”ﬁml +F;/lr,izll’7lcll(nge) (an,,e/ + Elhcjmmchgygg ) (’77 futel + Elhc,im mcharge ) F‘bjm mchm‘ge + m"es

Figure 2.3. : Leaner than stoichiometry: in-cylinder composition.

In this case, the air in the cylinder charge goes into two parts after the combustion:
unburnt fresh air and combusted gases. In the lean-burn mode, the fuel is burnt with an
excess of air. Thus there is unburnt fresh air remained in the cylinder after the combustion.
The mass of combusted gases is calculated based upon the amount of combusted fuel. Two
possible fuel sources, the direct injected fuel and the port-injected fuel, are considered in this
model. After combustion, the cylinder-out mixture consists of the unburnt air, combusted

gases, unburnt fuel and recirculated burnt gases.

Richer Combustion

For the richer combustion case shown in Fig. 2.4, the condition and cylinder-out gas

compositions are modeled as following:

AFRstgcomb<mfuel + Fuhc,immcharge) Z Fb,immcharge

Fub,cylout =0

Fub,immcharge (1 + ﬁ) + Fb,immcharge + Myes (223)

Mcharge + M fuel + Myes

Fb,cylout =

F, b,imMch
M fuel + Fub,immcharge - X}?’Rcstwge

Fuhc c =
,cylout
Mcharge + ™M fuel + Mypes
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Combustion
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Figure 2.4. : Richer than stoichiometry: in-cylinder composition.

In this case, the fresh air is burnt with an excess of fuel. Complete combustion is
assumed and thus there is no unburnt air remaining in the cylinder-out mixture. The mass
of combusted gases is calculated based upon the combusted air. After the combustion, the
cylinder-out mixture consists of the combusted gases, unburnt fuel and recirculated burnt

gases.

2.5.2 Otto Cycle

For the combustion process, the Otto cycle as shown in Fig. 2.5 is modeled based on [32].
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Figure 2.5. : P-V diagram of Otto cycle[32].
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From 1 (bottom dead center (BDC)) to 2 (top dead center (TDC)), the compression

stroke is modeled as the following isentropic process which is adiabatic and reversible:

T, = Tl(“f)%ml =Ty (re)m (2.24)
2

where r, = % is the compression ratio.

From 2 (TDC) to 3 (peak temperature), the combustion process is modeled as a constant
volume process. The heat generated by the chemical combustion is converted to the thermal
energy. For the direct injection SI engine model, the unburnt hydrocarbons in the intake
manifold is assumed to remain 0 and all the fuel comes from the cylinder direct injector.

Therefore, the heat exchange process can be modeled as following;:

mfuelXefoLHV = (mres + Mcharge + mfuel)cv (T3 - TQ) (225)

where gy is the lower heating value of the fuel, ¢, = Tﬂ (R is the gas specific heat)
is the constant volume specific heat of the air-fuel mixture, m,.s is the residual gas mass
remaining in the cylinder from last cycle. meparge is the total mass of charged gas. Xqfy is a
tuning parameter to reflect the energy conversion inefficiency which is primarily caused by

heat loss. Xy is modeled by a linear function of engine speed[43]:
Xeff:a-N+b (226)

where a and b are constant tuning parameters.

Therefore, the peak temperature T3 during the combustion process can be calculated as:

mfuelXefoLHV(’y - ]')

Ty =T+
’ 2 (mres + mcharge + mfuel)R

(2.27)

For the stoichiometric operation, equation (2.27) can be further simplified by introducing

a new parameter z,., the residual gas mass fraction:

Myes
Ty = (2.28)
Mecharge + Mypes + M fuel
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and thus

Ty
Myes = ﬁ (mcharge + mfuel) (229)

The relationship between the fuel mass and the total mass of cylinder gas mepqerge can be
formulated as following based on the assumption of stoichiometric operation with the existed

of external exhaust gas recirculation:

Mchargeubim (2.30)
AFR

M fuel =

Substitute equations (2.29) and (2.30) into (2.27), the combustion peak temperature
T5 can be calculated by:

(1 —z)FupimXefrQruv(y —1)

Ty =T
3=t (Funm + AFR)R

(2.31)

From 3 (peak temperature) to 4 (EVO), the expansion stroke is modeled as an isentropic

process and the EVO temperature T, is expressed as:

‘/é 'chlf]- ‘/tdc 'chlf]-
Two=Ty=T5— =T 2.32
=1(7)  (72) (2.32)

From 4 (EVO) to 5, the blowdown process is modeled as an isentropic process and the

blowdown gas temperature is:

Ty =T, (f;?)l(’) (2.33)

Considering the heat transfer between the blowdown gas and the cylinder wall, the

cylinder-out exhaust gas temperature Tyoy; is:

hSA (Tyg — Twan) 3

(2.34
Cp (mcharge + M fuel + mr) )

Tcylout = de -
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where T,,q; is the cylinder wall temperature and is assumed as a constant value 400K, S A
is the heat transfer surface area. The heat transfer coefficient h is calculated based on

Woschni’s correlation [47]:

N
h=326-B°%. P, Ty " <6.18 2.5 60) (2.35)

The temperature T} at 1 (TDC) is the temperature of the fresh charge mixed with the
residual gas. The fresh charge temperature is assumed to be the same as the intake manifold

temperature T},,. The residual gas temperature 7, is calculated as:

4 )1_(”1) (2.36)

Tr = Tevc -
(Pem

where T, is the in-cylinder temperature at EVC and assumed as a constant value 500K.
The mixing is modeled as an adiabatic mixing between the fresh charge and the residual

gas. Thus the TDC temperature T} is expressed as:
Ty =T, (1 - xr) + ., T (237)
where 7, is the gas specific heat ratio of the residual gas.

2.5.3 Effects of Residual Gas Mass on Cylinder-out Temperature Estimations

Based on the Otto cycle model developed in Section 2.5.2, the residual gas mass has three
explicit effects on the temperature estimation:

1. The temperature at the beginning of the compression stroke, 77, is the temperature of
the charged gas mixed with the residual gas in equation (2.37). Due to the high temperature
of the residual gas, T} is higher than the intake manifold temperature Tj,,.

2. The existence of residual gas increases the total mixture mass during the heat conver-
sion process in equation (2.25).

3. The existence of residual gas increases the total mixture mass during the heat transfer

process in equation (2.34).
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In order to understand the sensitivity of the cylinder-out temperature model to the
residual gas mass and determine the necessity of the residual gas modeling work, a unique
investigation was performed to study the effects of different cylinder compositions on T,
and Tiyoue estimations.

Fig. 2.6 and 2.7 show the effects of gas composition on the EVO temperature T, es-
timation. The reference engine GT-Power model was run at 800rpm, 1600rpm, 2400rpm,
3200rpm and 4000rpm. For each speed, six throttle angle operating conditions, 5°, 10°, 20°,
40°, 60°, 90°, were tested. For all the operating conditions, the LP EGR valve and HP EGR
valve remained closed and thus the trapped burnt gases at IVC given all came from the
residual gas. The developed control-oriented model based on the equations in Section 2.5.2
was also run to estimate the EVO temperature. All the composition mass data was directly
obtained from high fidelity GT-Power simulation results. Different compositions’ mass terms
were ignored in the total cylinder gas mass calculation Mmcy totar = Mecharge + Mfuel + Mires:
fuel and residual gas, fuel, residual gas, none. If the residual gas mass is ignored, the residual
gas fraction z, in equation (2.37) is also set as 0 and thus the TDC temperature equals the
intake manifold temperature T},,. For each case, X.f; in equation (2.26) is re-tuned to best
fit the temperature curve. Per Fig. 2.6b and 2.7b, the EVO temperature T,,, cannot be
accurately calculated if the residual gas mass is neglected. Instead, ignoring the fuel mass
M fuel 1N Meyi totar has few effects on the EVO temperature estimation. The reason can be
found in Fig. 2.8. The residual gas percentage is much higher than the fuel mass percentage
at low engine speeds and low throttle angles.

Fig. 2.9 and 2.10 show the effects of gas composition mass on the cylinder-out temper-
ature T,y estimation. Without considering the residual gas mass, the model estimated
cylinder-out temperature has reverse trends against GT-Power reference data. Fuel mass,
however, has few effects on the estimation accuracy of the cylinder-out temperature model.
Similar to the EVO temperature estimation, the residual gas mass shouldn’t be ignored when

estimating the cylinder-out temperature.
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Figure 2.10. : Estimation errors of cylinder-out temperature.

The investigation work shows the effects of residual gas mass on the EVO and cylinder-

out temperature estimations. The work indicates that an estimation model of the residual

gas mass is necessary in order to accurately predict the temperatures.
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2.5.4 Residual Gas

The residual gas model is developed based on[19]. The total residual gas mass m.;

consists of the exhaust back flow mass Mpqaer fi0w and the in-cylinder burnt gas mass myey ivo

at IVO:

Myes = Mpack flow + Myev,ivo (238>

The backflow mass Mmpgek fi0w can be calculated as:

P, OLV
Mpack flow = Cl\/(RT (Pem - Rm))AflowN (239)

where (' is a tunable parameter, N is the engine speed, OLV is the valve overlap volume
and defined by the volume difference between exhaust valve close (EVC) and intake valve

open (IVO) for positive valve overlap (PVO):

OLV = Ve — Vio (2.40)

and Afje, is the cylinder valve effective area. For the negative valve overlap (NVO) case,
OLV =0.
The trapped in-cylinder burnt gas mass at IVO mey.iv0 is calculated by:

Pem ‘/E’UO
RTen,

(2.41)

Meyeyivo = 02

where (C} is also a tunable parameter.
Fig. 2.11 shows the residual gas model estimation performance by setting C; = 0.2 and

Cy = 0.83. With this model, in-cylinder total mass error is within -13% to 7%.
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Figure 2.11. : Residual gas model validation.

2.5.5 Model Validation

Fig. 2.12 shows the EVO temperature and cylinder-out temperature estimations based on
the proposed residual gas model and Otto cycle model. 32 steady-state DOE cases were run
in the reference engine GT-Power model. The engine speeds were set at 800rpm, 1600rpm,
2400rpm, 3200rpm and 4000rpm. For each speed, the throttle was operated at six different
angles: 5°, 10°, 20°, 40°, 60° and 90° (fully open). For all of these cases, both LP EGR and
HP EGR valves were left closed. The model estimated 7¢,, and 7.0, are within 30K range

compared to GT-Power simulation results (per Fig. 2.12).
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Figure 2.12. : Model estimated EVO and cylinder-out temperatures.

Fig. 2.13 shows the cylinder-out temperature estimation based on the proposed residual
gas model and Otto cycle model when the EGR flow is considered. 30 steady-state DOE
cases were run in the reference engine GT-Power model. For each speed, LP EGR valve was
operated at 0°, 18°, 36°, 54°, 72° and 90°. For all of these cases, throttle angle was fixed at
45°. Per Fig. 2.13, the model can well estimate the cylinder-out temperature when the EGR

percentage varies within 0 to 25%.
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2.6 Turbocharger Model Development

2.6.1

Turbocharger Speed

The turbocharger speed wy. is modeled as following:

Wee

o Zturb - Zcomp

(2.42)

Itcwtc

68



where [, is the turbo-charger inertia. The turbine power Z,,,;, and compressor power Z,,,

are modeled as following:

Ya—1
Zcomp = Wcompop,aTa <P;m) Ta B 1]
Tcomp -
P Ye—1 (243)
Ztury = th“"bc 7677tu7“bTem [1 - t;;b’o“t:| X

where F, is the ambient pressure and P, = 1bar, Py 0. is the turbine out pressure, which
is modeled is modeled in section 2.6.3.
The compressor mass flow W, and efficiency 7com, as well as turbine mass flow Wy,

and efficiency 7y, are modeled based on the proposed method in [50] and polynomial fitting.

2.6.2 Compressor Mass Flow and Efficiency

The compressor mass flow rate We,,, and efficiency 7.om, are modeled based on the

non-dimensionalization strategy developed in [16]. Wy, is modeled as following:

2v—1

y—1
T 1 . ~
Wcom Pima c =2 |- adc2 (dc c>
p( Wt ) [40 <7RTG> 60 Wt

] (CLng + (IQXQ + CL3X + a4)
(2.44)

and the compressor efficiency 7com, can be modeled as following:

CpoaTa (PRCW%1 —1>
( %(%dcwtc>2 ) (2'45)

240W

n2padc3pa

Tecomp (Rma Wtc) - (

where the constant parameters used in equation (2.44) and (2.45) are shown in Table 2.1.
Ch, Cy, ay , as , az and a4 are constant tunable parameters which are obtained from linear

regression to best fit the compressor flow and efficiency curves as shown in Table 2.2.

X is defined by:
C,oT, <PRC”§1 - 1)

X = 2
% (GLE) dcwtc>

(2.46)
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The compressor pressure ratio PR, across the compressor is defined as:

Pcomp,out o Pbm

PR. = :

Pcomp,in Pa <2 47)
Table 2.1. : Constant parameters in compressor map modeling

Parameter | Description Value | Unit

Pa Compressor Inlet Air Density 1.161 | kg/m?

d. Compressor Blade Tip Diameter 55 mm

vy Air Specific Heat Ratio 1.35 | kg/s

R Compressor Inlet Air Specific Heat 287 J/(kg-K)

T, Compressor Inlet Air Temperature 300 K

Cha Compressor Inlet Air Specific Heat (Constant Pressure) | 1107 | J/(kg-K)

Table 2.2. : Constant tuning parameters in compressor map modeling

Ch | -6.8211
Cy | 1.5145
ap | -2.1882
as | 3.3778
as | -1.7833
Qy 0.4278

Fig. 2.14 shows the modeled compressor map compared to the compressor table plot

when the compressor speed varies within 90,000 to 200,000 rpm.
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Figure 2.14. : Compressor map fitting.

2.6.3 Turbine Mass Flow and Efficiency

The turbine mass flow rate model is developed based on the map reduction method

proposed in [10]:

Pem

Wturb (Pema Tem7 wtc) = \/T,—

Wturb,red (Pema Temy wtc) (248)

where Wiypp req 1s the reduced turbine mass flow rate.

Wiurb rea 1s fitted by using the following polynomial:

3 2
Wturb,red = (alNred + a2Nred + GSNTed + a4)

: (blPRt7 4+ byPRS + b3 PR, + byPR* + bsPR,> + bsPR,2 + b: PR, + bg)

(2.49)
where N,q4 is the reduced turbine speed:
w C
Nred - ,Ziem (250)
and PR; is the pressure ratio across the turbine:
Pur in Pem
PR, = trbin (2.51)

Pturb,out ]Dturb,out
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Table 2.3. : Constant tuning parameters in turbine map modeling

a; | -6.1137x10" 2
as | 7.0948x10°8
as | -2.6744x1074
as | 1.3328

by | 2.9968x 102
by | -0.4068

by | 2.3341

by | -7.3410

bs | 13.6804

b | -15.13084

b; | 9.2253

bs | -2.3895

by | 0.4278

The parameters in equation (2.49) are shown in Table 2.3.
The turbine out pressure P (in bar) is modeled as a polynomial fitting of the
cylinder-out mass flow rate and the comparison with GT-Power turbine out pressure is

shown in Fig. 2.15.

Pourbout = 9-51W2 10w + LATEW syious + 0.9853 (2.52)

Fig. 2.16 shows the turbine out pressure modeling compared with GT-Power output.

Per Fig. 2.17, the reduced turbine mass flow rate fits the turbine map output well at
different reduced turbine speeds. The turbine efficiency model was first developed as fitted
polynomials (per Fig. 2.17). However, the fitted curves didn’t match the turbine map plots

well. Therefore, the turbine efficiency is set as a constant value 0.73.
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Turbine map fitting.
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2.7 Nonlinear Dynamic Model

The nonlinear dynamic model for the direct injection SI engine includes 13 states z, 11

inputs u and 1 disturbance input uy as shown in Table 2.4, 2.5 and 2.6. It can be written as:

T = f(xu u, Ud) (253)
The model is expressed as:
xry = Pbm = fybv ’ [WcompTcac - WthrTbm - Wbyprm]
bm
: imRim
X2 Pim = 1 V. [WthrTbm + WegrhTegrh - chlT’im]
- emRem
€3 Pem = 7 V. [chloutTcylout - WturbTem - ngTem - WegrhTem]
. r R mT m
Ty = Tbm = Pb Vb [Wcomp (’)/cacTcac - Tbm) - (Wthr + Wbyp)(meTbm - Tbm)]
bm Vbm
. - Rim,-rim
T5 = ﬂ - P Vi [Wthr(’meTbm - 7jlm) + Wegrh(’)/egrhTegrh — ﬂm) - chl (71m711m - ﬂ )]
- RemTem
Te = Tem - W[chlout (fchloutTcylout - Tem) - (Wturb + ng + Wegrh)(VemTem - Tem)]
. Zturb - Zcomp
Tr = Wie = Iow
tcWic
Ry Tom
Ty = Fub bm PZ ‘/: [VVinlet(l Fub,bm) + Wegrl(Fub,em Fub,bm)]
: Ry Tom
Tg = Fb,bm — Pb Vb [VVinlet(O - Fb,bm) + Wegrl(Fb,em - Fb,bm)]
bm Vbm
X100 = Fub im — PV [VVth'r(Fub,bm - Fub,im) + Wegrh(Fub,em - Fub,im)]
. . Rim im
T11 = Fb,im - PV [Wthr<Fb,bm - Fb,im) + Wegrh(Fb,em - Fb,im)]
. : RemTem
T12 = Fub,em - W[chlout(Fub,cylout - Fub,em)]
RemTem
T3 = Fb em PV [chlout(Fb,cylout - Fb,em)]

(2.54)
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Table 2.4. : State variables for the engine model

State Variable Description Units
1 Py, Boost Manifold Pressure Pa
To P Intake Manifold Pressure Pa
T3 P, Exh. Manifold Pressure Pa
Ty Tom Boost Manifold Temperature
T T; Intake Manifold Temperature
T Torm Exh. Manifold Temperature
e Wie Turbocharger Speed r

Tg Foom Boost Manifold Burnt Gas Fraction
10 Foim  Intake Manifold Unburnt Gas Fraction
T11 Fyim Intake Manifold Burnt Gas Fraction
T19 Fubem Exh. Manifold Unburnt Gas Fraction

K
K
K
pm
g Fupm  Boost Manifold Unburnt Gas Fraction /
/
/
/
/
T13 Fyom Exh. Manifold Burnt Gas Fraction /

All the flow rates used in the nonlinear model (2.1) can be expressed as nonlinear functions

of the defined states, inputs and disturbance input:

y = g(z,u,uq) (2.55)

2.8 Model Linearization and Validation

The nonlinear dynamic model is linearized via the first-order approximation at the equi-
librium points (Z., Ue, Uge, Ye) to get the linear state space model which can be used for control

analysis.

2.8.1 Pre-linearization Analysis

Before linearizing the nonlinear model, several questions need to be answered:

1. Which flow function should be used for linearization in orifice function (3.18) for each
valve flow? Similarly, how to select the conditions for the in-cylinder composition model?

2. How to deal with compressor choke or surge conditions in the compressor efficiency or

flow linearization?
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Table 2.5. : Input variables for the engine model

Input Variable Description Units
Uy Aspr Effective Throttle Area m?
Us Apyp Effective Bypass Valve Area m?
Us W el Fueling Rate kg/s
Uy D,y Waste-gate Diameter m

Us Aegrnn Effective HP EGR Valve Area  m?
Ug Acgri Effective LP EGR Valve Area  m?
Uy # firing  Number of Firing Cylinders /

ug IVO Intake Valve Open CAD
Ug IVC Intake Valve Close CAD
U1 EVO Exh.Valve Open CAD
U11 EVC Exh.Valve Close CAD

Table 2.6. : Disturbance input variables for the engine model

Disturbance Input Variable  Description  Units

Ugy w Engine Speed rpm

3. The Otto cycle model needs T}, the BDC temperature to start the calculation in
equation (2.24). Per equation (2.36), the estimation of 77 requires a known value of the
residual gas temperature T, from last cycle. Since the model is control-oriented mean-value
model and 7, is not saved for cycle-by-cycle calculation, how to deal with the cycle-related
term to start the Otto cycle calculation in the linear model?

For question 1, the nonlinear model was first run to compare with the high fidelity GT-
Power model for the interested engine operation range (1600 — 4000 rpm). Condition terms
for the valve choke in equation (3.18) and the combustion situation in equations (2.22) and
(2.23) were created and checked. The intake throttle and LP EGR valve were operated in
the unchoked condition except during some transient speed changes. Further, the in-cylinder

composition model worked in leaner combustion condition for most of the time during the
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simulation. Therefore, the unchoked orifice function and leaner combustion case are selected
for the linearization.

For question 2, the equations of compressor boundary conditions are removed in the linear
model. The resulting modeling errors should be taken into considerations when performing
control analysis for the linear model.

For question 3, a constant 7, (= 70K) is used when calculating 7} in the linear model

instead of a recirculated calculation in the nonlinear model:

T, =T, + 70K (2.56)

2.8.2 Linear State-space Model

The linear state space model is expressed as:

T = Adx + Bou + Bgouy

(2.57)
0y = Cox + Déu+ Dabug
and the state matrices A, B, By, C, D, Dy are calculated as:
[ on o
O0x1 " Ozn
Al3x13 : :
Ofn Ofn
I o1 Oz (m,u,ud):(weMev“de)
of Oh
B
RBlax1l _ SR (2.58)
Ofn Ofn
: Juy - Oun (2,u,ug)=(Te Ue,Uge)
Oh Oh
a’LLdl e 8udn
Bd13><1 —
O fn Ofn
| Bug; CC Duay, (z,u,uq)=(Te,Ue,Ude )

The nonlinear model is linearized at the steady-state (e, Ue, Uge, Ye) 0of 3200rpm engine

speed, 60° throttle angle, 11.6mm waste-gate diameter, 10° LP EGR angle and four firing
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cylinders. The equilibrium points of system states x; to x13 are directly obtained from

GT-Power simulation results.

2.8.3 Model Validations
Fixed Valve Angle Testing
For the validation testing, the throttle angle is fixed at 60° and the LP EGR valve is

fixed at 10°. The waste-gate and engine speed profiles are listed in Fig. 2.18. This testing is

to investigate the model sensitivity to the disturbance input, engine speed.
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Figure 2.18. : Waste-gate and engine speed profiles for the validation.

The validations of boost, intake and exhaust manifold pressures zi, xo, x3 are shown
in Fig. 2.19. For boost and intake manifolds, the nonlinear model has higher estimations
than the GT-Power reference but well captures the steady-state pressure changes at every
step. The linear model, which is linearized at the GT-Power steady-state values, has better
estimation performance than the nonlinear model when the engine speed is close to the
linearization point 3200rpm. However, the linear model performs less well during the last
step, where the operating point moves further from the linearization point. At 4000rpm, it
has poor estimation performance as a result of the compressor limits being removed in the

linear model. Both of the linear and nonlinear models predict the exhaust manifold pressure
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well during 20 to 160s. However, when the engine speed decreases to 1600 rpm, the linear

model has larger errors.
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Figure 2.19. : Manifold pressure validation.

Fig. 2.20 shows the validation of boost, intake and exhaust manifolds temperatures x4,
x5, T¢. For boost and intake manifolds, though the nonlinear model is around 6K higher
than the GT-Power reference, it can capture the transient changes of the temperature at
every step change. The linear model has undesirable increases from 70 to 130s when the
engine speed changes from 3400 to 4000 rpm. For the exhaust manifold, the nonlinear model
predicts the temperature within 45K error range for all steps. Though there exists a bias
error, the nonlinear model captures the changes of exhaust manifold temperate well while
the linear model fails to predict the trends of T, for 3600 to 4000rpm during 90 to 130s.

Fig. 2.21 shows the validation of turbocharger speed x;. It can be found that both
linear and nonlinear model have good estimations from 20 to 170s. During the last step, the
nonlinear model can still predict the turbocharger speed while the linear model has around
15K rpm estimation error.

The validations of boost, intake and exhaust manifold burnt mass fractions xg, x11, 13
are shown in Fig. 2.22. For boost and intake manifolds, both of the linear and nonlinear

models have good estimation performance except the last step.
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Figure 2.20. : Manifold temperature validation.
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Fig. 2.23 shows the validation results of different flow rates. There is a bias error between

the nonlinear model estimation and the reference model. When the model is linearized at
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Figure 2.21. : Turbocharger speed validation.

the steady-state of the reference model, the bias error is eliminated.
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Aggressive Testing

A more aggressive testing is performed for both of the linear and nonlinear models.

The actuator profiles are shown in Fig. 2.24. The engine speed varies from 2400 to
4000rpm, every 100rpm. For each engine speed, the LP EGR valve is operated at 0°, 5°,
10°, 15° and 20°. For each EGR valve angle, the throttle valve is operated at 40°, 60°, 75°
and 90°.
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Figure 2.24. : Waste-gate and engine speed profiles for aggressive validation.

Fig. 2.25 to Fig. 2.31 show the model validation results of state variables and flow rates.
Per Fig. 2.25, larger estimation errors for boost and intake manifold pressures are observed
after 2000s, when the engine speed is higher than 3400rpm. Both linear and nonlinear
models have very good tracking performance of the exhaust manifold pressure. A detailed
comparison of the pressures during 1000 to 1500s is shown in Fig. 2.26. The nonlinear model
can estimate the boost and intake manifold pressures within 0.06bar error. It can also track
the pressure change when the throttle and LP EGR valves change. Compared with the
nonlinear model, the linear model has larger errors when the EGR valve opens more.

Per Fig. 2.27, larger estimation errors are observed in the nonlinear model at lower engine

speeds. The maximum estimation error of the nonlinear model is lower than 50K. Though
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Figure 2.25. : Manifold pressure validation.

there are bias errors, the nonlinear model can well track the step changes of the exhaust
temperature (per Fig. 2.28).

Per Fig. 2.29, both linear and nonlinear models can well estimate the turbocharger speed.

Per Fig. 2.30, both nonlinear and linear models have larger errors at lower engine speeds
for the boost and intake manifold burnt gas estimation. The nonlinear model has worse
estimation performance at high burnt gas levels while the linear model has larger errors at
low burnt gas levels.

Fig. 2.31 shows the flow validation results. Larger estimation errors occur after 2000s in
both models. Unexpected negative LP EGR flow is observed in the linear model, which is
caused by the linearization. Per Fig. 2.32, though there are bias errors, the nonlinear model

can well track the flow changes.
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2.9 Summary

In this chapter, a physically-based, control-oriented model was derived for turbo-charged
SI engines utilizing cooled EGR and flexible VVA systems. The model includes the im-
pacts of modulation to any combination of 11 actuators, including the throttle valve, bypass
valve, fuel injection rate, waste gate, high-pressure (HP) EGR, LP EGR, number of firing
cylinders, intake and exhaust valve opening and closing timings. An investigation based on
comparison results was also done to evaluate the effects of residual gas mass on the model
accuracy. This investigation work illustrated the necessity of modeling the residual gas mass
and the insights discovered in this work contributed to the improvement of model accuracy.
The control-oriented model incorporates two new sub-models to capture the dynamics of
pressure, temperature and gas compositions in manifolds and the cylinder as well as dif-
ferent flow rates. The first sub-model is to estimate cylinder-out gas compositions based
on the inputs’ information of cylinder charge flow, injected fuel amount, residual gas mass
and intake gas compositions. The second sub-model is to estimate the turbine-out pressure,
which is a key input for LP EGR and turbine mass flow estimations. The control-oriented
model was validated with a high fidelity SI engine GT-Power model for different operating
conditions. The developed linear and nonlinear models achieved good steady-state and tran-
sient estimation performance. The control-oriented model is developed for control analysis

and sensor framework applications.
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3. Hy, OPTIMIZATION BASED SENSOR SYSTEM AND
OBSERVER CO-DESIGN ALGORITHM

3.1 Motivation

Advanced SI engine architectures incorporate turbocharger, EGR and VVT to enable
the improvements of fuel economy as well as engine performance. The increasing complexity
of engine systems brings in more challenges for the design and control of the air handing
systems. To enable stoichiometric air-to-fuel ratio control, the compositions of the gas in
the intake manifold must be accurately and robustly measured or estimated. Unfortunately,
there is currently no cost effective, production viable intake oxygen sensor for this purpose.
Current approaches for the intake gas composition estimation are usually designing estima-
tors based on already-selected sensors. However, considering the increasing complexity of
today’s engine systems and sensor characteristics, the choice of optimal air handling sensor
set is not obvious. Traditional brute-force experimentation for sensor selection and estima-
tor tuning can be expensive and time-consuming. Experiments may need to be redone even
when there are minor changes to the engine system or sensor characteristics. To effectively
solve the problem, an Hs based, sensor system and observer co-design algorithm is proposed
in this chapter. The goal of this algorithm is to definitively, and accurately, determine the
tradeoff between the necessary sensor number and the estimation error. The sensor delay,
measurement and process noise can be parametrically defined in this algorithm, allowing for
the application across vehicle configurations, unique to each original equipment manufactur-
ers (OEM). The implemented cost function consists of the Hy norm of the observer error
and the weighted [; norm of the observer gain. The problem, once formulated, can be solved
efficiently via semi-definite programming (SDP). After selecting the optimal sensor set, the
algorithm computes the corresponding Kalman-filter gain based on the selected sensor set.
The method to estimate the modeling errors based on the comparison of reference data
and modeling data is also developed in this chapter, enabling the application of the sensor

selection framework on actual physical systems.
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3.2 Sensor Selection Algorithm Based on H, Optimization

Considering the following linear continuous state space model:

& = Ax + Bu + Bgug + Byw
(3.1)

y=Cx+ Du+ Dgug+ Hv

with the state variables x € R™, measured outputs y € R", control inputs uv € RP, dis-
turbance inputs ug € R®, unknown disturbance related to model uncertainty w € R™, and
sensor noise v € R™. Both w and v are modeled as white noise. B, € R™*™ and H € R™"
are diagonal magnitude matrices.

A Luenberger observer then takes the form:

& = A& + Bu+ Bgug + L(y — 9)

C% + Du + Dguy (3.2)

g

where L € R™*" is the observer gain, z € RY is the weighted error and W € R is the
weighting matrix to address some errors from all state errors.

By introducing the following two matrices:

ng(m-i—n) — mexm Qmxn ]
(3.3)
an(m—i—n) — l: Qnxm  fynxn ]
the weighted error z can be formulated as:
. | w w
z=W(sI - A+ LC) (B, — LH) =G (3.4)
v v

w
where the error system G is the transfer function matrix between and z.
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3.2.1 Cost Function

For multiple-input multiple-output (MIMO) systems, the Hy norm is the impulse-to-
energy gain or steady-state variance of outputs in response to white noise [51]. Therefore,
by minimizing the Hy norm of the error system (3.4), the expected root-mean-square error
(RMSE) of the observer in response to white noise input excitation is minimized. The Hs

norm of the error system G in equation (3.4) is expressed as:

|Gz = \/E{}H}}o 1/; 2T () 2 (t) dt} (3.5)

where [E is the expectation operator.

Considering the observer gain matrix L, the corresponding j-th sensor measurement does
not contribute to the state estimation results if every element in the j-th column of L is zero.
In this case, the absolute sum of the elements in j-th column of L is also zero. The number
of sensors can be reduced by minimizing the non-zero columns in L, which is the [y norm of
the row vector p € R™™ of absolute column sum of L, i.e., ||p[l, = XL, (1212 [Lylll,-

In order to optimize the tradeoff between the observer estimation error and the number

of required sensors, a cost function is defined as following:

J:(l—oz)||G||§+ozZn; (3.6)

> 1Lyl
i=1

0

where ||G||, denotes the H, norm of the error system or the expected root-mean square
weighted error, and « is the weighting factor between 0 and 1, balancing the effect of observer

error and sensor number.

3.2.2 H, Norm of the Observer Error

From [52], for a linear time-invariant (LTI) system with a transfer function G(s) =

C(sI — A)7'B, the following statements are equivalent:
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(1) A is Hurwitz and ||G||3 (the power of Hy norm of the impulse response) < 2.

(2) There exists a positive definite matrix P (i.e., P = PT = 0) such that

ATP4+PA+CTC <0
(3.7)
trace(BT PB) < ~?

where the symbol < in the first inequality of equation (3.7) denotes the negative definiteness
of a matrix.
By applying equation (3.7) to system (3.4), the optimization problem for the first target
|G||3 in equation (3.6) can be formulated as following:
Iili}gl trace((B, — LH)TP(B,, — LH))
st. (A—LC)TP+PA—LCO)+WTW <0 (3.8)
P=P"s0

The optimization target and the first constraint in (3.8) are bilinear matrix inequalities
(BMI) and thus this is not a convex optimization problem. Therefore, they need to be
converted to linear matrix inequalities (LMI). A matrix S = PL (thus L = P~'S) is defined

and the first constraint in equation (3.8) can be written as the following LMI:
ATP+ PA—CTST — SC+WTW <0 (3.9)

Via the Schur complement condition for positive semi-definiteness [53], the following two

statements are equivalent:
A Ay
AQT Ag
(2) Ag = Ag > 0 and Al — AQA??lAg = 0

(1) Symmetric matrix
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To apply the Schur complement condition to the optimization target equation (3.8), we
introduce a positive semi-definite matrix T, i.e., T = T7 = 0. By substituting A; = T,
Ay = (PBw — SFI)T and Az = P, the following statement holds:

T (PB, — SH)T .
3 5 =0, P=P' =0 (3.10)
PB, — SH P
iff
T—(PB,—-SH)"PYPB,—-SH)=0, P=Pl'»~0 (3.11)

The inequality in equation (3.11) can be rewritten as:

T - (PB,— SH)"'P Y (PB, — SH)

(

T - (PB,—SH)"P7'PP Y (PB, — SH)
(
(

~ R R R (3.12)
=T — (P~'PB, — P"'SH)"P(P~'PB,, — P"'SH)
=T — (B, — LH)"P(B,, — LH)
Therefore, the following statement holds if condition (3.10) meets:
trace(T) > trace((B, — LH)TP(B,, — LH)) (3.13)
Therefore, the optimization problem in (3.8) can be rewritten as:
min  trace(T)
L,PT
st. ATP+PA—-CT'S" —SC+W'W <0
T PB, — SH)T
o Mo (3.14)
PB,—SH P
P=P" -0
T=T"=0
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where the root of trace(T) is the upper bound of the expected weighted root-mean-square
error z. In equation (3.8), the optimization target is the Hy norm of the error system. In
equation (3.14), the optimization target is relaxed to the upper bound of the H norm. Here

the direct optimization target is trace(T).

3.2.3 Weighted /; Norm of the Observer Gain Matrix

The second optimization target Y5, ||, [Lylll, in equation (3.6) is non-convex due

g

to the existance of [y norm. For such [y norm optimization problem, it is generally impos-
sible to solve as the solution usually requires an intractable combinatorial search [54]. As

proposed in [54], the [y norm term |37, | Ly

(h (
J J

|||, can be relaxed to a convex target by using

the weighted [, norm, g ™. | Li|, where p " is the weight of column j at iteration count k.

3.2.4 Optimization Problem

Using the lemma which is used and proved in [55]: given a matrix L € R™*" the following
statements are equivalent:
(1) The j-th column of L is zero.
(2) The j-th column of S = PL is zero for any P > 0.

Combining the above lemma with (3.14) and weighted /; norm, the optimization problem

is formulated as following:

m

min  J = (1 — a)trace(T) + « Zuj(k) > 1S5
=1

i=1

st. ATP+PA—-CTST —SC+WTW <0

T (PB, — SH)" . 0 (3.15)
PB, — SH P
P=Pr+0
T=T">0
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The optimization problem (3.15) can be solved by the CVX toolbox [56] iteratively.

At each iteration, the algorithm updates the weight factor ,uj(k) = W When M'(k)
€ i=1 191

j
) _ uj(k)| < € where € is a sufficiently small positive

converges for all sensor j, i.e., |,uj(
number, the iteration can be stopped.

Ideally, the j-th sensor signal is not utilized for the state estimation and should be re-
moved if the j-th column of the observer gain matrix L is zero[16]. Similarly, for a properly
scaled system, the signal from sensor(s) j with small >, |L;;| will have very little impact
on the estimation results and thus can be removed. However, it is hard to quantify the
threshold of ’small” observer gain and decide the number of sensors that need to be removed.
Instead of directly comparing the observer gain of the sensors, the value of 3-1* uj(k) > Syl
representing the relaxed non-zero column number in the observer, is checked for every op-
timization result and used to decide the number of necessary sensors. 31, P > 1Sk
is rounded to its nearest integer ¢, which is used as the number of selected sensors. For
instance, if ¢ is 3 for an optimization result, then the sensor(s) with the first three largest
> |Ly| are the selected optimal sensors.

After computing the optimal sensor set, set a to 0 and remove the rows in C' corresponding
to unneeded sensors. Substitute a = 0 and the modified C' into the optimization algorithm

(3.15) again to calculate the observer gain matrix L = P~1S based only on the selected

optimal sensor combination.

3.3 Algorithm Application on a Turbo-charged SI Engine Model for Air Han-
dling System Sensor Designs

In this section, the proposed sensor selection algorithm is applied to a turbo-charged
SI engine utilizing EGR. The goal of the sensor design is to choose the optimal sensor
combination for accurately estimating the intake manifold gas composition. More specifically,
the desired outcome is to quickly be able to determine the tradeoff between estimated intake
manifold gas composition estimation error and the number of sensors.

The engine architecture is shown in Fig. 3.1. For illustrative purposes, four available
sensors are considered as candidates as shown in Table 3.1. A mass air flow sensor for inlet

air (MAFa) can be placed upstream of the air and low pressure (LP) EGR confluence point,
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Figure 3.1. : Engine architecture and candidate sensor placements.

Table 3.1. : Available sensors

Sensor Physical Quantity Accuracy  Response Time
MAFa  Inlet Air Flow (EGR. Up) 4% 30 ms
MAFh  Comp. Flow (CAC. Dn) 2% 50 ms
30ms (1000 rpm)
EGR DP EGR Flow 7% 20ms (2000 rpm)
10ms (4000 rpm)
MAF Comp. Flow (Comp. Up) 4% 30 ms

to measure the inlet air. A mass air flow sensor for high pressure flow (MAFh) can be placed
downstream of the charge air cooler (CAC) to measure the cooled compressor mass flow
rate. An EGR delta pressure sensor (EGR DP) can be located in the LP EGR valve to
measure the LP EGR mass flow rate. Another option is a mass air flow sensor (MAF) put

downstream of the air and LP EGR confluence point, but before the compressor, to measure

total compressor inlet mass flow rate.
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Table 3.2. : State variables for the engine model

State Variable Description Units
T Py, Boost Manifold Pressure Pa
To P Intake Manifold Pressure Pa
T3 P, Exh. Manifold Pressure Pa
T4 Tom Boost Manifold Temperature K
x5 T; Intake Manifold Temperature K
Tg Torm Exh. Manifold Temperature K
Ty Wie Turbo-charger Speed rpm
T3 Fuppm  Boost Manifold Unburnt Gas Fraction

T Fyom Boost Manifold Burnt Gas Fraction
210 Fupim  Intake Manifold Unburnt Gas Fraction
T11 Fyim, Intake Manifold Burnt Gas Fraction
219 Fubem Exh. Manifold Unburnt Gas Fraction

3 3 o T T T T T

T13 Fyem Exh. Manifold Burnt Gas Fraction

T14 Aspr Effective Throttle Valve Area 2
T15 Acgri Effective LP EGR Valve Area 2
T16 Dyyq Waste-gate Diameter m

17 Winter Inlet Air Flow Measurement kg/s
T8 Wcomp CAC Downstream Flow Measurement  kg/s
T19 Wegﬂ LP EGR Valve Flow Measurement kg/s

T2 Weompup  Comp. Upstream Flow Measurement — kg/s

3.3.1 Control-Oriented State-Space Engine Model

The model is a mean-value engine model based on [32][41][45] [46].
The model has 8 inputs, 1 disturbance input and 20 states as shown in Table 3.2, 3.3
and 3.4, respectively. The nonlinear dynamic model equations can be written as follows and

the detailed governing equations are listed in Appendix A:

T = f(x,u,uq) (3.16)

Taking the actuator and sensor response time into consideration, states x4 to xoy are

added. First-order actuator responses are considered for the throttle valve, LP EGR valve
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Table 3.3. : Input variables for the engine model

Input Variable Description Units
Uy Aemd,thr Cmd. Effective Throttle Area m?
Us W puel Fueling Rate kg/s
U3 D rmdwg Cmd. Waste-gate Diameter m
s Aemdegrt  Cmd. Effective LP EGR Valve Area  m?
Us IVO Intake Valve Open CAD
Ug IvVC Intake Valve Close CAD
Uy EVO Exh.Valve Open CAD
ug EVC Exh.Valve Close CAD

Table 3.4. : Disturbance input variables for the engine model

Disturbance Input Variable  Description  Units

U1 w Engine Speed rpm
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and waste-gate. The following first-order approximation is used for the actuator and sensor

dynamics:
p=20"7 (3.17)

T

where g is the command actuator input or physical expressions of sensed variables without
delay, and 7 is the time constant.
In this engine model, the valve mass flow rate outputs are modeled by the following

orifice equation[32]:

Pmﬁ Pout
= A,

o (3.18)

where v is the gas specific heat ratio, Ay is the effective valve area, F,,; is the downstream
pressure, P, and T;, are the upstream pressure and temperature. A virtual flow sensor,
which is developed based on speed-density equation, can be used for estimating the cylinder
charge flow rate. Fig. 3.2 shows the comparison of the linear model estimated charge mass
flow rate and the GT-Power reference. The maximum error for the virtual flow sensor is
within £5.1%.

The nonlinear model is linearized at the steady-state (e, Ue, Uge, Ye) of 3200rpm engine
speed, 60° throttle valve angle, 11.6mm waste-gate diameter and 10° LP EGR valve angle.
All of the valves are butterfly valves. The equilibrium points of system states x; to x9y are
directly obtained from GT-Power simulation results.

The nominal model is linearized into the following format:

i = Adx + Bou + Fduy
(3.19)
oy = Céx + Dou + Gouy
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Figure 3.2. : Engine cylinder charge flow rate estimation.

where 0r = o — Zo, U = U — Ue, OUg = Ug — Uge, OY = Y — Yo

An observer is designed from the linear model:

& = AdZ + Bou + Féug + L(0y — 67)

5 = C87 + Dou + Gouy

In simulation results that follow, the commanded engine throttle angle and number of fir-
ing cylinders are fixed as their linearization points. As studied in[57], a 11.5% brake-specific
fuel consumption (BSFC) reduction and 4.5% absolute indicated efficiency improvement can
be achieved by introducing 10% cooled EGR in a 2L, 4-cylinder, turbo-charged, direct in-
jected SI engine at 3000 RPM part load conditions. Considering the fact that EGR tolerance
decreases with the increasing engine speed[5%], for an engine operation speed range of 2400
to 4000 RPM, the waste-gate and LP EGR valve are operated as shown in Fig. 3.3 and
Fig. 3.4, to vary the EGR ratio within 1.5% to 11%.
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Figure 3.3. : Engine operation conditions: engine speed and waste-gate.

3.3.2 Unknown Disturbance

The process noise B, w and measurement noise Hv (per equation (3.1)) are two necessary
parameters to describe model and sensor errors. Incorrect description of the noise could
result in significant worsening of estimation performances[59] and even the failure of the
proposed sensor selection framework. Typically, the noise error covariance can be estimated
by experimental tuning or computational methods[59][60][61][62]. The purpose of this section
is to provide a simple and quick noise estimation method for the engine system based on
experimental data to avoid repeated tuning work or complex computations. The sensor
selection framework works well for the engine system with the diagonal noise covariance
matrix estimated by the proposed method.

To implement the proposed sensor selection algorithm, the actual system is expressed as

a linear state-space model with uncertainty represented by additive errors:

T =01 = Adx + Béu + Fouy + B,w (3.20)
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Figure 3.4. : Engine operation conditions: engine speed and LP EGR valve.

where w is zero-mean unitary white noise and B! B, is the process noise covariance matrix.
The unknown disturbance B,w comes from the un-captured dynamics and model lineariza-
tion errors. In this application, B,, is assumed to be a diagonal matrix.

The modeling error B,w is estimated by fitting the difference between the actual & and

the linear model estimated & as follows:

Byw = igr — (Adzar + Bougr + Fougor) = Abmode (3.21)

where the values of the variables (dxgr, dugr, duqgr) are from the GT-Power simulation
result which is used as the truth-reference, and g7 is the derivative of xzgr.

Fig. 3.5, 3.6 and 3.7 show the unknown disturbance plots for boost manifold pressure x1,
exhaust manifold pressure x3 and turbocharger speed x7, respectively. The errors A, oder 15
AZpmoder,3, and Adpoger7 are calculated based on equation (3.21) where the data of states
xar, inputs ugr and disturbance inputs uq gr directly comes from the GT-Power simulation
result for the drive cycle in Fig. 3.3 and Fig. 3.4.

An initial estimation of the process noise is the standard deviation of A,,.4e in equa-

tion (3.21). Considering the fact that non-normal noise (e.g. heavy-tailed or asymmetric)
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may not be well-represented by the first two moments (the mean and the standard devia-
tion)[60], the initial estimated process noise is then tuned based on its higher moments, i.e.,

skewness and kurtosis, to better represent the modeling errors.
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Figure 3.5. : Unknown disturbance estimation for boost manifold pressure: A, oder,1-

Skewness Correction for Unknown Disturbance Estimation

The skewness 7 of the error A4 is first calculated as follows to evaluate the asym-

metry of the distribution and determine which B, (i,1) estimation equation is used for each

state:

N
1 i ; — U
v 2 (Admoda (k) = i) (3.22)
T, = 3

Oi

where 1; and o; are the mean value and the standard derivation of A,eq4e1i, Tespectively. 1

and o; are defined as follows:

N
Z xmodel i

(3.23)

l

L

N 2
Z Ammodel 1 ,ul)

where N is the number of sampled points.
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Figure 3.6. : Unknown disturbance estimation for exhaust manifold pressure: Ay,oqer,3-

Positive skewness values mean that the data is skewed to the right (right-tail), and
negative values suggest skewing to the left (left-tail)[6:3]. The larger the absolute skewness
value is, the more significant the asymmetry is. For the states where the error Azy,oqe,7
has small skewness (per Fig. 3.6), the asymmetry is neglected and the unknown disturbance

term B, (i,1) is estimated by the following equation:
By(i,1) = o(i) (3.24)

For the states where the error Ay, o4e;; distributions have large skewness, the asymmetry
should not be neglected when estimating the unknown disturbance. If the skewness 7;;
and the mean value y; have the same sign, the unknown disturbance of the state x; is
estimated by the subtraction of the standard deviation o; and the absolute mean value
(per Fig. 3.5), otherwise the unknown disturbance is estimated by the sum (per Fig. 3.7).
The condition in equation (3.25) is to account for both of the asymmetry and non-zero mean
error distributions. For instance, if the mean is positive and the skewness is negative (per
Fig. 3.7), the error has a positive bias and the majority of the errors are even more positive

than the bias. In this situation, the standard deviation may under-estimate the error effect
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Figure 3.7. : Unknown disturbance estimation for turbocharger speed: A,,odel,7-

and thus we re-evaluate by adding the positive bias.

By (i,i) = oy — || if Y1,ifti > 0 (3.25a)

B,u,(l,l) =0 + ‘,Ul‘ lf Vit < 0 (325b)

Kurtosis Correction for Unknown Disturbance Estimation

The excess kurtosis 7, of the error A,,,40 distribution defined as follows is then calcu-

lated to evaluate the outliers of the distribution and determine the correction made to the

By, (i, 1) term:

M=

N i (Adtmoderi(k) — (i)’ (3.26)

1
Yo,i = 1 -3
0j

For the states which have negative excess kurtosis, the unknown disturbances have more
data distributed outside the region of the peak than a normal distribution. The more negative

the excess kurtosis is, the more outliers the distributions will have. When the excess kurtosis
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is large, equations (3.24) and (3.25) without considering the extreme error distributions may
not be a proper way to estimate the unknown disturbance. Therefore, a correction is made
to the unknown disturbance estimations of the states which have excess kurtosis lower than

—1 (per Fig. 3.5) by the following equation:

Bw(ia 1) = BwO(iy 1) |72,i| (327>

where B, is the modeling error estimated by Section 3.2.1.
For the states x4 to x99 which represent the delayed actuator and sensor responses, the
unknown disturbance terms B, (i,1) are set as 0. The details of B, (i, 1) estimation for each

state are listed in Appendix B.

3.3.3 Measurement Noise

The diagonal measurement noise covariance matrix H is defined as:

- 4%5mmet,max 0 0 0
0 2%6Wcomp,max 0 0
H = (3.28)
0 0 7% Wegrt.maa 0
i 0 0 0 4%5Wcomp,up,max ]

where sensor accuracy data comes from Table 3.1 and 0W,,,, is the maximum flow rate

deviation with respect to its linearization point.

3.3.4 Sensor Selection Results

The sensor selection algorithm is applied to the scaled linear system. This is to eliminate
the effect of magnitude differences of measurements.

Table 3.5 shows the optimal sensor set computed by the sensor selection algorithm (per
Section 3.2) for different sensor number constraints. The iterative parameter e is set as le™3
for single and two-sensor combinations or 1.2e~2 for three-sensor combinations. The trace(T),

representing the upper power bound of the expected estimation RMSE, is calculated by
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equation (3.15) when setting @ = 0 for the normalized system. The upper bound of the
expected RMSE E{RMSE},;, and the expected RMSE E{RMSE} for the actual system

can be expressed, and related as follows:

E{RMSE}., > E{RMSE}

E{RMSE}., = 011 mazy/trace(T) (3.29)
E{RMSE} = 6211 mar\/trace((B, — LH)T P(B, — LH))

where 0211 mar = max(r11 — Te11) is the scaling parameter of the intake manifold burnt gas
fraction x1;. It can be noticed that E{RMSE},, is a very tight upper bound of E{RM SE}

for this application as shown in Table 3.5.

Table 3.5. : Sensor selection results

Sensor Optimal n (k) —m trace(T , ) RMSE
Number Serior Set 1000a 3.4, Mj( 'S 1| thn(oz): 0 E{RMSE}w  E{RMSE} (simulation)
0 / / / 0.02020 0.894% 0.894% 0.947%

1 EGR DP 1.5 0.9917 0.01552 0.785% 0.785% 0.498%
2 EGR DP, MAFa 0.65 1.9816 0.01290 0.715% 0.715% 0.369%
3 EGR DP, MAFa, MAFh 0.022 2.5922 0.01283 0.713% 0.713% 0.367%
4 EGR DP, MAFa, MAFh,MAF 0 3.9361 0.01283 0.713% 0.713% 0.367%

The algorithm identifies the EGR DP sensor as the best sensor if only one single can
be used. When two sensors are used, the optimal sensor set becomes EGR DP and MAFa.,
which measures the inlet air mass flow rate before the EGR joint (per Fig. 3.1). The optimal
three-sensor set combines EGR DP, MAFa and MAFh.

Different sensor sets with their corresponding observers are tested on the reference engine
model in GT-Power. The four candidate sensors (per Table 3.1 and Fig. 3.1) are placed
in the GT-Power model. Per Table 3.1 data, these four GT-Power outputs are filtered
with first-order functions described in equation (3.17) and corrupted by measurement noise
before being sent to the observers to account for sensor noise. The GT-Power and observer
simulation structure is shown in Fig. 3.8. The observer gain for each sensor set is computed
by the optimization (3.15) with @ = 0. The GT-Power cycle-averaged intake manifold burnt

gas fraction is used as the truth-reference to validate the estimation results. RMSE of the
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intake manifold burnt gas mass fraction estimation for each sensor set is calculated from 3.3s

to the end of the simulation to eliminate the effects of initial conditions.

I

GT.b.im

U, u, GT-Power Model
(used as true ‘reference’)

y=Cx+Du+ D,u,

L ycrfj}

£=A£+Bu+Bdud+L(yGT—fz) ‘

i xen | [, |RMsE
Qe (R

v

Observer (implemented in MATLAB/SIMULINK)

Figure 3.8. : Diagram of GT-Power and observer simulation structure

Single Sensor Sets

Fig. 3.9 shows the estimation results of intake manifold burnt gas mass fraction when
using different single sensor sets. As shown in Fig. 3.9, the EGR DP sensor has the most
accurate estimation results at every step. Considering the overall estimation performance,
the EGR DP sensor is the most accurate single-sensor option since it has the smallest root-
mean-square error (RMSE), 0.498%, over the entire simulation. Without using any sensor,
the maximum absolute estimation error is 1.744%. With the computed optimal sensor EGR
DP, the maximum error is reduced to 1.014%, which is a 42% improvement compared to the
model-only estimated result. The maximum errors for single MAFa sensor, MAFh sensor
and MAF sensor are 1.684%, 1.724% and 1.724%.

As shown in Table 3.6, the RMSE for a single MAFa sensor, a single MAFh sensor and a
single MAF sensor are 0.909%, 0.935% and 0.935%, respectively. This indicates that if the
EGR DP sensor fails, the next sensor the engine should select is the MAFa sensor based on
their trace (T) and E{RM SE},;, calculations. Though the MAFh sensor has slightly lower
trace (T) and E{RM SE},, than the MAF sensor, their estimation results are the same.
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Figure 3.9. : Intake manifold burnt gas mass fraction estimation when only using one

Sensor

Fig. 3.10 shows the histograms of different single sensor sets’ estimation errors. Compared
to the optimal sensor EGR DP, the error distributions of the other three sensors are more

spread out.

Two-sensor Sets

The optimal two-sensor set computed by the sensor selection algorithm (per Section 3.2)
is the combination of the EGR DP and MAFa sensors. This is verified in the coupled GT-
Power /Observer simulation (per Fig. 3.8). As shown in Fig. 3.11, the computed optimal
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Table 3.6. : Single sensor set

trace(T) RMSE

Sensor Set when o — 0 E{RMSE}.,, E{RMSE} (simulation)
EGR DP 0.01552 0.785% 0.785% 0.498%
MAFa 0.01870 0.861% 0.861% 0.909%
MAFh 0.01907 0.870% 0.870% 0.935%
MAF 0.01911 0.871% 0.871% 0.935%

EGR DP, RMSE =0.498% MAFa, RMSE =0.909%
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Figure 3.10. : Histograms of Intake manifold burnt gas mass fraction estimation error

when only using one sensor.

sensor set has the smallest estimation error for almost every step. Comparing the overall
estimation performance of the optimal sensor set with the other five combinations, the opti-
mal one has the lowest RMSE. With the computed optimal sensor set, the maximum error is
reduced to 0.754%, which is 57% improvement compared to the model estimated result. The
maximum estimation error is 0.794% for the combination of EGR DP sensor and upstream
compressor flow sensor MAFh, and is 0.804% for the combination of EGR DP sensor and
downstream compressor flow sensor MAF. For the combinations of MAFa sensor + MAFh

sensor, MAFa sensor + MAF sensor, the maximum estimation errors are both 1.564% and
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1.594%. When only two compressor flow sensors are used, the maximum error is up to
1.724%.

In Table 3.7 and Fig. 3.12, the simulated RMSE for different two-sensor set combinations
monotonically increases with increasing E{RMSE}, as expected. The sensor sets with
the first three lowest E{RMSE} all include the EGR DP sensor. Though the algorithm
computes the combination of EGR DP sensor and MAFa sensor as the optimal two-sensor
set, the combination of EGR DP sensor + MAFh sensor and EGR DP sensor + MAF
sensor have similar estimation performance as the optimal one, as shown in Fig. 3.11. These
two combinations have very close E{RMSE} as well as the RMSE as shown in Table. 3.7.
When EGR DP is not considered in the two-sensor combination, such as the combination
of MAFa sensor and MAFh sensor, there is a large increase in E{RMSE} as well as the
simulated RMSE. Additionally the two-sensor sets without the EGR DP sensor even have
larger estimation errors than single EGR DP sensor. This indicates that under this operation
condition, if only two sensors are allowed, the combination should include EGR DP sensor,
and an EGR DP-only strategy would be preferred over a two-sensor strategy which did not
include the EGR DP sensor. The optimal selection of the sensor in addition to the EGR DP
sensor is MAFa sensor. The MAFh sensor may be considered as a backup selection to the

MAFa sensor.

Table 3.7. : Two-sensor combinations

Sensor Set WEZ?IC‘;(T:) , E{RMSE}, E{RMSE) (Siﬁﬁin)
EGR DP + MAFa  0.01290 0.715% 0.715% 0.369%
EGR DP + MAFh  0.01322 0.724% 0.724% 0.388%
ECR DP + MAF  0.01331 0.727% 0.727% 0.391%

MAFa + MAFh  0.01806 0.847% 0.847% 0.825%
MAFa + MAF  0.01824 0.851% 0.851% 0.849%
MAFh + MAF  0.01905 0.870% 0.870% 0.935%

Fig. 3.13 shows the histograms of different two-sensor combinations estimation errors.
As shown, the best three two-sensor combinations have the estimation errors distributions

closer to 0.
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Figure 3.11. : Intake manifold burnt gas mass fraction estimation when using two sensors.

Optimal Sensor Sets

Fig. 3.14 show the estimation results of intake manifold burnt gas mass fraction Fy ;,, when
using optimal sensor sets with different sensor numbers. As shown in Fig. 3.14, the optimal
two-sensor set has better estimation performance than the optimal single sensor. When more
than two sensors can be used, all the optimal sensor set options have very similar estimation
performances. Based on the data shown in Table 3.5, the optimal single sensor EGR DP
reduces the RMSE by 47.4% compared with model-only estimated results. The optimal
two-sensor option further reduces the RMSE by 25.9% based on the optimal single sensor
estimation performance. Comparing the RMSE of the optimal three-sensor set, 0.367%), with
the RMSE of the optimal two-sensor set, 0.369%, there is only 0.5% accuracy improvement.
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Figure 3.12. : RMSE vs. trace(T) for two-sensor combinations.

When the fourth sensor is added to the optimal three-sensor set, there is no improvement for
the RMSE. In Fig. 3.15, the computed E{RM SE} and trace(T) have similar trends. Using
the optimal single sensor reduces the trace(T) by 23.2% and E{RM SE} by 12.2% compared
with model-only estimation results. From the optimal single sensor to the optimal two-sensor
set, the trace(T) and E{RMSE} have 16.9% and 8.9% reductions, respectively. From the
optimal two-sensor set to the optimal three-sensor set, the trace(T) is only lowered by 0.5%
and E{RM SEY} is lowered by 0.3%. From the optimal three-sensor set to the all-sensor set,
both trace(T) and E{RMSE} remain the same. Compare the trends of E{RMSE} (or
trace(T)) and simulated RMSE, both E{RMSE} (or trace(T)) and simulated RMSE have
relatively large reductions from model-only case to single sensor case to two-sensor case and
small decreases when adding the third or fourth sensor. In this way, E{RM SE} or trace(T)
can be a useful indicator of showing the necessity or redundancy when adding additional
Sensors.

The sensor selection results indicate that though increasing sensor number reduces RMSE;,
the added sensor(s) brings in very small improvements of the estimation performance when

number of sensors is higher than two. Based on the estimation error requirement, it may
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Figure 3.13. : Histograms of intake manifold burnt gas mass fraction estimation error

when using two sensors.

be worth using a single EGR DP sensor or adding a second sensor MAFa in addition to a
single EGR DP sensor, but it may not be worth spending more money on adding the third
or fourth sensor for the intake manifold gas composition estimation.

Fig. 3.16 shows the histograms of different optimal sensor combinations estimation errors.
It can be seen that with the increasing of sensor number, the RMSE distribution is narrowed

down and has smaller peaks at large errors.
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Additional Discussion

The difference between the expected RMSE E{RMSE} and the simulated RMSE is
shown in Table. 3.5 - 3.7, as well as Figures 3.12 and 3.15. This could be explained by: (i)
The computation of the expected RMSE, E{RMSE}, (via Equation (24)) is based on the
assumption that the process noise is zero-mean white noise. However, the actual unknown
disturbance term Zgr is not normally distributed for the example testing cycle. Since this
paper focuses on selecting the optimal sensor set among candidate sensors for the engine
system rather than studying the differences between the engine model and actual system, a

quick and simple approximation method of the process noise described in Section 3.3.2 was
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Figure 3.15. : RMSE and trace(T) vs. sensor number for optimal sensor sets.

used. The valuable information provided by the sensor selection algorithm is the sequence
and relative increase/decrease among different sensor sets. Further studies could focus on a
more appropriate unknown disturbance estimation method, but this would not be expected to
change the sensor selection results and thus was not the study purpose; (ii) The measurement
noise is approximated by the product of the maximum deviation of the sensor measurement
with respect to its linearization point and the accuracy (per Section 3.3.3). This simple
approximation would result in some differences between the expected RMSE E{RMSE}
and the simulated RMSE due to the reason that the actual sensor measurement deviations
are not symmetric about the linearization points, but would not be expected to change the
sensor selection results. Further studies could focus on a more appropriate measurement

noise estimation method based on analytical approaches.

3.4 Summary

This paper outlines a sensor selection and observer design algorithm based on H, opti-
mization while considering process and measurement noise. The approach is (1) implemented
to an advanced turbo-charged spark-ignited engine architecture using exhaust gas circula-
tion; and (2) validated on a high fidelity engine simulation in GT-Power. The objective of

the sensor selection + observer design algorithm is to minimize the estimation error and the
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Figure 3.16. : Histograms of intake manifold burnt gas mass fraction estimation error
when using optimal sensor sets.

required sensor numbers. The optimization problem is convexified and solved via SDP. A
method to estimate the unknown model uncertainties was also developed. The high fidelity
simulation results verified that the optimal sensor sets computed by the algorithm had the
best estimation performance. Sensor redundancy was also analyzed based on the compu-
tation results. This algorithm reduces the computation time and experimental efforts of

selecting optimal sensor sets.
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4. ROBUST-CONTROL BASED SENSOR SYSTEM AND
CONTROLLER CO-DESIGN ALGORITHM

4.1 Motivation

Stoichiometric air-to-fuel ratio (AFR) and air/EGR flow control are essential control
problems in today’s advanced spark-ignited (SI) engines to enable effective application of
the three-way-catalyst (TWC) and generation of required torque. External exhaust gas re-
circulation (EGR) can be used in SI engines to help mitigate knock, reduce enrichment and
improve efficiency[1]. However, the introduction of the EGR system increases the complexity
of stoichiometric engine-out lambda and torque management, particularly for high BMEP
commercial vehicle applications, in the following way: (1) measurement proximity - through
transient operations, the flow measured at the air filter (point-of-measurement) is not rep-
resentative of what actually goes into the cylinder (point-of-interest). The rapid changes
in EGR flow are also not seen immediately by the air flow sensors owing to the transport
delays and volume filling effects[64]. This will result in AFR and torque control errors if
uncompensated; (2) variation across OEM vehicle configuration - The methods relating the
point-of-measurement to the point-of-interest are challenged by a proliferation of configu-
rations of the air handling piping in commercial vehicles. Due to the variation of inlet air
flow configurations and sensors in different OEM vehicles, the estimation methods and their
accuracies can be very different and thus brings additional uncertainties and disturbances
to the controller design problem; (3) limited EGR rate at high loads - During engine tip-out
events, slow low-pressure (LP) EGR response may delay the reduction of EGR concentration
in the intake manifold despite EGR valve closure. The resulting elevation in EGR concen-
tration at low load conditions may lead to combustion instability and misfire due to lower
external EGR tolerance at low load conditions. This effectively constrains the maximum LP
EGR rate that can be sustained at high load prior to a tip-out[65].

Previous research work focuses on air-path or EGR flow control. As a result of air/EGR-
path dynamics and measurement inaccuracy, there are always some flow control errors during
steady-state or transient conditions. Considering the interactions between the air/EGR-

path control performance and the AFR control performance, the flow control inaccuracy
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will further result in errors in AFR control, which has a very tight control target for the
stoichiometric SI engines. Some researchers have studied the air-path and AFR control
strategies for other types of engines with EGR. However, considering the different AFR
control accuracy requirements and significant combustion differences, these control strategies
are not expected to be suitable for stoichiometric SI engines.

Proper sensor selection is critical for successful engine and control system designs. The
most appropriate candidate control algorithms will depend on the sensing strategy selected.
Ideally, sensor characteristics including noise, accuracy, dynamics, and delays would be taken
into account when designing the controllers to achieve desired control performance. In the
SI engine control problem, feedforward-feedback control is usually used for fast transient
response and steady-state tracking performance. The sensor measurements can be used by
the feedback controller or/and the feedforward controller. Experimental testing is one way
to select sensor configurations and calibrate controller parameters. However, this method
can be expensive and time-consuming, and may need to be redone even when there are minor
changes to the engine system or the sensor/actuator characteristics. Therefore, a co-design
strategy for both the sensing approach and control algorithm is desired to effectively select
the acceptable sensor configurations and robustly design the controllers.

In this chapter, a framework is developed for selecting candidate sensor suites and design-
ing a corresponding robust controller to ensure stoichiometric operation with desired torque
production of a turbocharged SI engine using low pressure EGR, wastegate turbo-charging,

intake throttling, and VVT.

4.2 Control Problem Formulation

The target engine architecture is shown in Fig. 4.1 and is modeled per Section 4.3. A
two-loop control structure (per Fig. 4.2) is proposed for the engine. The flow loop is to
control the air and EGR flows while the AFR loop is to control the cylinder AFR. Both
control loops use the signals from the same sensor set. To handle the interactions between
the two loops, the actuators’ commands generated by the flow loop controller are used as

inputs of the AFR loop controller, and vice versa.
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Figure 4.1. : Engine architecture and candidate sensor placements.

For illustrative purposes, four available sensors are considered as candidates as shown in
Table 4.1. A mass air flow sensor for inlet air (MAFa) can be placed upstream of the air and
low pressure (LP) EGR confluence point, to measure the inlet air mass flow rate (Wiper). A
mass air flow sensor for high pressure flow (MAFh) can be placed downstream of the charge
air cooler (CAC) to measure the cooled compressor mass flow rate (Weomp). An EGR delta
pressure sensor (EGR DP) can be located in the LP EGR valve to measure the LP EGR
mass flow rate (We4). A virtual charge flow sensor (ChgVS) based on the speed-density
equation is also available for estimation of the cylinder charge flow rate (Weparge). A UEGO
sensor can be placed upstream of the three-way catalyst (TWC) to measure the exhaust AFR
(AF Reyp). Among these candidate sensors, three different combinations are considered as
candidate sensor sets as shown in Fig. 4.3. Case 1 is the combination of MAFa sensor and
UEGO sensor. Case 2 is the combination of ChgVS sensor, EGR DP sensor and UEGO
sensor. Case 3 is the combination of MAFh sensor, EGR DP sensor and UEGO sensor.

For all three candidate sensor cases, two control loops, the multiple-input single-output

(MISO) AFR control loop and multiple-input multiple-output (MIMO)flow control loop are

121



R

Torque target
—_

Mapping

Flow targets

AFR target —————

Throttle/EGR

MISO Controller

Flow Loop valve position,

MIMO Controller wastegateJVVT'
L :
AFR Loop Fueling rate

-

Engine
Plant

Figure 4.2. : Two-loop control structure.

122

[ | Sensor

signals



Table 4.1. : Available sensors

Sensor Physical Quantity Accuracy Response Time
MAFa  Inlet Air Flow (EGR. Up) 4 % 30 ms
MAFh  Comp. Flow (CAC. Dn) 2 % 50 ms
30ms (1000 rpm)
EGR DP EGR Flow % 20ms (2000 rpm)
10ms (4000 rpm)
ChgVS Cylinder Charge Flow 4% 30 ms
UEGO Exhaust A 0.01 (absolute) 200ms

designed to control the fueling rate and the flow actuator inputs (throttle valve effective
area, LP EGR valve effective area, waste-gate diameter, intake and exhaust opening/closing
timings), respectively.

The principle of this algorithm is to minimize the peak value of the structured singular
value u via synthesis of a linear H,, feedback controller for both control loops with a given
set of sensors.

(i) If © < 1 and worst-case gain < 1, then a linear controller exists for a given sensor set
that satisfies the performance objective. In this case, the candidate sensor set is accepted.
Among all of the acceptable sensor sets, select the optimal one based on the p value (the
lower p is, the more robust the system will be), sensor costs, lifetime and other economy
factors.

(ii) If 4 > 1 or worst-case gain > 1, the controller cannot be found with the given
sensor set to satisfy the performance objective. Either the given sensor set is rejected or the

performance requirement is relaxed, or the sensor/actuator characteristics are improved.

4.3 Control-oriented State-space Model

A mean-value engine model based on [32][11][15] [16] was developed for the robust control

design analysis. The model had 8 inputs, 1 disturbance input and 16 states as shown in
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Table 4.2, 4.3 and 4.4, respectively. The nonlinear dynamic model equations can be written

as follows and the detailed governing equations are listed in Appendix A:

T = f(x,u,ug) (4.1)

Table 4.2. : State variables for the engine model

State Variable Description Units
1 B, Boost Manifold Pressure Pa
To P Intake Manifold Pressure Pa
T3 P, Exh. Manifold Pressure Pa
T4 Tom Boost Manifold Temperature K
x5 T; Intake Manifold Temperature K
T Torm Exh. Manifold Temperature K
T Wie Turbo-charger Speed rpm

g Fuppm  Boost Manifold Unburnt Gas Fraction
Tg Fyom Boost Manifold Burnt Gas Fraction
10 Fupim  Intake Manifold Unburnt Gas Fraction
T11 Fyim Intake Manifold Burnt Gas Fraction
T19 Fubem Exh. Manifold Unburnt Gas Fraction

S 3 o T T T T T

T13 Fyem Exh. Manifold Burnt Gas Fraction

T14 Ay Effective Throttle Valve Area 2
Z15 Acgri Effective LP EGR Valve Area 2
T16 Dy Waste-gate Diameter m

Taking the actuator response times into consideration, states x4 to x4 were added.
First-order actuator responses were considered for the throttle valve, LP EGR valve and
waste-gate.

The five model outputs, y1 = Winiet, Y2 = Weomp, Y3 = Wegrts Ya = Wenarge and ys =
AF Ry, were modeled as nonlinear functions of states, inputs and disturbance input.

The nonlinear model was linearized at the steady-state (e, Ue, Uge, Ye) 0of 3200 RPM
engine speed, 60° throttle valve angle, 0° bypass valve angle, 11.6mm waste-gate diameter
and 10° LP EGR valve angle. All of the valves are butterfly valves. The VVT positions
(IVO, IVC, EVO, EVC) were (322°, 583°, 131°, 384°). The equilibrium points of system

states x1 to x1¢ were directly obtained from GT-Power simulation results.
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Table 4.3. : Input variables for the engine model

Input Variable Description Units
Uy Acmd.thr Cmd. Effective Throttle Area m?
Us W yel Fueling Rate keg/s
U3 D nd g Cmd. Waste-gate Diameter m
Uy Aemdegrr  Cmd. Effective LP EGR Valve Area  m?
Us IVO Intake Valve Open CAD
Ug IvVC Intake Valve Close CAD
Uy EVO Exh.Valve Open CAD
ug EVC Exh.Valve Close CAD

Table 4.4. : Disturbance input variables for the engine model

Disturbance Input Variable Description b Units

Ug N Engine Speed rpm

The nominal model was linearized into the following format:

& = Adx + Bou + Foug

(4.2)
oy = Cox + Dou + Gdoug
where 0r = o — Zo, U = U — Ue, OUG = Ug — Uge, OY = Y — Yo
The linear state-space model was normalized as follows for control analysis:
T = ASz + Bdu + Bydiig
(4.3)

§ij = C6x + Do + Dybiig
The normalized state éx can be expressed as follows:

0% = Gudii + Gadiy

G.=(s1-A) B (4.4)
N =1 —

Gy=(sI—A) By
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where (G, is the transfer function matrix between the normalized state and the normalized
input, GGy is the transfer function matrix between the normalized state and the normalized

disturbance input.

4.4 General Control Configuration

The general control configuration for the AFR loop can be first expressed as in Fig. 4.4a
where A denotes the model uncertainties, P4 is the generalized engine model plant, Ppjoy,
represents the flow sensor model, Krr is the feedforward controller and K g is the feedback
controller. Two different types of inputs, exogenous inputs w (commands, disturbances and
noise) and control signals u are fed into the plant P,,,. The plant output z denotes the
exogenous outputs, which are the errors to be minimized. v.,, is the feedback controller
inputs for the general configuration, e.g. commands, measured plant outputs, measured dis-
turbances. The measurements of flow sensor(s), v, are used by the feedforward controller
Krr as well as the feedback controller Krg. The total plant control input u consists of the
feedforward command upp and feedback command urg. ya and ua are output and input
perturbations, respectively.

By integrating the flow sensor model Py, and feedforward controller Kpp into P4, and
augmenting the measured output vepy t0 v = (Veng, Vfiow), the general control configuration
for AFR loop can be further expressed as in Fig. 4.4b. The new nominal open-loop plant is
denoted by P. For the flow loop, the general configuration can also be expressed as Fig. 4.4b.
As such, the general configuration in Fig. 4.4b can be used for both loops’ feedback controller
synthesis.

NA-structure The general control configuration (per Fig. 4.4b) can be rearranged into
N A-structure (per Fig. 4.5b) through lower linear fractional transformations (LFTs) as fol-

lowing equations|66]:
N = F(P,K) 2 Py, + PyK(I — PpK) ' Py (4.5)

where N is the nominal closed-loop system, w is the exogenous input, z is exogenous output,

the subscript [ denotes lower.
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Figure 4.5. : NA-structure

The N A-structure (per Fig. 4.5b) can be rearranged into F-structure (per

Fig. 4.6b) through upper LFTs as following equations[(6]:

F=F,(N,A) 2 Ny + Nyt A(I — Nj3A) ' Ny (4.6)

where F' is the uncertainty closed-loop transfer function from the exogenous input w to the

exogenous output z and the subscript v denotes upper.
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Figure 4.6. : F-structure

M A-structure The general control configuration (per Fig. 4.4b) can also be rearranged

into M A-structure (per Fig. 4.7b):

M — Nll (47)
A

T w — o |
! w z !
: G !
' Urp Y ! A
| | s Vs
; Keg 5 M

(a) (b)

Figure 4.7. : M A-structure

Fig. 4.8 shows the detailed general control configurations of the proposed two control

loops. The feedback controller for each control loop is synthesized independently.

4.4.1 The Structured Singular Value

Robust Stability

Robust stability (RS) is the ability of the system to remain stable for all plants in the

uncertainty sets with a given controller.
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The mathematical definition of RS for a nominal stable (NS) system is:
de .
RS € |F|.=F.(N,A) is stable, V|A| <1 (4.8)

From equation (4.6), if the system is nominally stable, i.e. N is internally stable (and
thus M = Ny, is stable), the stability of the uncertain system depends on (I — NHA)_l =
(I — MA)™" (suppose A is also stable).

Recall the spectral radius condition for complex perturbations, the system is RS if and
only if:

p(MA (jw)) = mgxp(MA (jw) <1, Vw (4.9)

where p denotes the spectral radius.

Recall the Lemma in [66]
m p (MA (1)) = 7 (M (5) (4.10)

where ¢ denotes the maximum singular value.
For the unstructured complex uncertainty A = Ay, i.e., full-block perturbation uncer-

tainty, which satisfies ||Afuul|, < 1, the sufficient and necessary RS condition is that:

RS & (M (jw) <1, VYw and NS (4.11)

However, for the structured uncertainty where the uncertainty is block-diagonal, the
condition (4.11) is sufficient but not necessary[67]. A tighter RS-condition needs to be
defined for the structured uncertainty.

Recall the Generalized (MIMO) Nyquist theorem and apply it to a positive feedback
system with a stable open-loop transfer function MA (M and A are both stable)[G6], the

uncertain system £ is stable if and only if:

det (I — MA) #0, VYw, VA (4.12)
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For the structured uncertainty A = Agi,y where the uncertainty is block-diagonal, i.e.,

Adiag = dlag {Al} (413)

the structured singular value p is used to indicate the robust stability of the uncertain system

by finding out the smallest structured A, (measured in terms of & (Agiag))[00] which makes
det (I — MAga,) = 0 (4.14)
then
1
M)=——— 4.15
p (M) 5 Band) (4.15)

where 7 (Agiqy) denotes the maximum singular value of Aggy.
Instead of varying & (Agiag), another definition of p is more widely used based on pre-

scaled Agiqg[00]:

1

M) 2
(M) min{k,,| det (I — kM Agiag) = 0}

fOT A= Adiag7 o (Adiag> S 1 (416)

p = 1 indicates that there exists a boundary perturbation with & (Agey) = 1 which
makes the system unstable. ;1 < 1 means that the system can remain stable with & (Agiqg)
increasing by a factor i = Kp,. i > 1 means that a small perturbation 7 (Agg,) < 1 will
cause the system becoming unstable.

Therefore, the sufficient and necessary RS condition for all allowed structured uncertainty

0 (Agiag) < 11is that:

RS <& u(M)<1, ,Yw and NS (4.17)

For the unstructured uncertainty Ay, (M) can also be defined as the inverse of the

smallest & (Ay,y;) which results in the singularity of (I — MAy,y):

1

(M) = 5 (Bun)

— & (M) (4.18)
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For the structured uncertainty Agiqg,
(M) <7 (M) (4.19)

Robust Performance

If a system with RS can achieve the performance objectives for all plants in the uncer-
tainty sets with a given controller, then the system has robust performance.

The mathematical definition of RP for an NS system is[60]:
de
RP &P = IR (N.A) <1, VAl <1 (4:20)

which means that the H,, norm of the closed-loop transfer function from exogenous input to
output is less than 1 for all allowed perturbations (structured or/and unstructured) ||A[| <
1.

For an H, performance objective, the robust performance condition is identical to a RS-
condition for the structured uncertain system with additional perturbation block Ap[G6].
Ap is the uncertainty block from performance specifications, and thus Ap is always a full
matrix. Therefore, the sufficient and necessary condition for an NS uncertain system with

all allowed perturbations

RP & ux(N)<l1l, VYw, A= and NS (4.21)

0 Ap

4.4.2 p-synthesis and DK-Iteration

The structured singular value p is a useful indicator to analyze the robust performance of
the uncertain system with a given controller. Besides, it can also be used in the p-synthesis
problem which computes the controller to minimize the p value. However, it is currently
not possible to synthesize a truly p-optimal controller[68]. The approximation approach,

DK-iteration, is an available practical method for the u-synthesis problem.

133



Instead of directly minimizing p (IV), the DK-iteration approach optimizes the variables

Dy and K iteratively to minimize the upper bound of p (N) across the frequency range:
p(N) <min{a (D;ND; ) |D € D} (4.22)

where Dy is the designed matrix which commutes with the uncertainty A, i.e. DA = ADy,
D is the set of all matrices commute with A, and K is the controller.

The DK-iteration approach involves two minimization steps in sequence[(6]. The first
step optimizes the H., controller K with the D variable fixed to minimize the maximum
o (DfN Df_l) over the frequency range:

min | DN (K) Dy (4.23)

(o)
The second step optimizes the D variable with the controller K fixed to minimize
o (DfNDf_l) at each frequency:

. (D (i ND 1 /.
Dfrggglepg( s (W) ND; 7" (jw) (4.24)

and fits the magnitude of each element of Dy (jw) to create a stable and minimum-phase
transfer matrices Dy (s). Then go back to the first step for the next iteration.

The iteration can be terminated if the upper bound is lower than 1 or it no longer
decreases. One problem with the D-K iteration procedure is that it is not guaranteed to
converge to the global minimum u value, but it often works well in practice.

Convenient toolbox “dksyn” for performing DK-iteration method in MATLAB has been

developed and is used in this thesis for the controller synthesis.

4.4.3 Worst-case Analysis

The structured singular value p indicates if the uncertain system can achieve desired
performance objective or not. By the definition of (4.16), u is the maximum amount of

uncertainty which can be tolerated by the system. It doesn’t tell the worst-case peak gain
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of the system over a specific uncertainty range or where the worst-case occurs. For MIMO

systems, the worst-case peak gain is:

max (@ (F, (N, A) (jw)) o (4) < 1) (4.25)

which is the maximum singular value of the closed-loop system F.

Since p quantifies the maximum allowed uncertainty while worst-case gain quantifies the
worst peak of the uncertain system, both of them are useful tools for analyzing the system
robust performance and thus for sensor selection problem. Worst-case can be used as a
syntax check of y tool after computing the robust controller.

The worst-case analysis is performed by MATLAB command “wcgain”.

4.4.4 AFR Control Loop

For the AFR control loop, both feedforward and feedback controllers are used. The
feedforward controller calculates the basic fueling rate command based on flow sensor mea-
surements. It does not have to “wait” for the feedback signal from the exhaust A sensor.
Therefore, it can quickly respond to the engine transient operations. However, due to flow
sensor noise, delay and/or unmodeled flow dynamics, the feedforward controller will cause
control errors in AFR tracking performance. For this reason, it is typical to implement a
feedforward controller together with the feedback controller.

Three feedforward controllers corresponding with different candidate sensor sets (per
Fig. 4.3 and Table 4.1) are considered for this application. The feedback controller is the
synthesized robust controller. The total fueling rate Wy, is the sum of the feedforward

command Wgp r,e and the feedback command Wep fyer

Wivwet = WrFE fuet + WEB, fuel (4.26)

In Case 1 (per Fig. 1.3a), only the MAFa and UEGO sensors are used. The feedforward

fueling command is:
VVinlet

4.27
14.7 (4.27)

WFF,fuel =
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In Case 2 (per Fig. 4.3b), the ChgVS, EGR DP and UEGO sensors are used. The

feedforward fueling command is:

Wcharge - Wegrl
14.7

WFF,fuel = (428)

In Case 3 (per Fig. 4.3¢), the MAFh, EGR DP and UEGO sensors are used. The

feedforward fueling command is:

Wcomp - Wegrl

4.29
14.7 ( )

WFF,fuel =

The flow actuators’ commands duy are treated as exogenous inputs for the AFR loop.
That is to say, the AFR loop controls the injected fueling rate to keep the cylinder AFR at
the stoichiometric value with any given air flow. Fig. 4.8a shows the detailed control diagram

of AFR control loop and the parameters shown in the diagram are listed in Table 4.5.

5ym,f

Flow Sensors

Feedforward ————
1

8Tpypp == ====~-
! AFRyeqiea
i

ﬂ,' Engine Speed

51 Flow actuators’
| inputs
1 Feedback
8V 1

% Flow Sensors

Signal
Split

Signal

8Ym,AFR1 split
—————% UEGO

——————p ————

________

Figure 4.9. : Detailed control diagram of AFR control loop.

4.4.5 Flow Control Loop

The flow control loop manages the inlet air and EGR paths to enable torque and EGR

fraction control. The tracking targets for this control loop are compressor mass flow rate
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Weomp and LP EGR mass flow rate Weg,y. The inlet air flow is directly associated with the
torque and the controlled EGR flow is used to suppress knock and reduce pumping loses[1].

Only a feedback controller is used for the flow control loop. Fig. 4.3 shows the inputs
and outputs of the feedback controller for the three sensor suite cases considered. In all
three cases, the flow controller manipulates the throttle valve, LP EGR valve, waste-gate,
and cylinder intake and exhaust valves.

Fig. 4.8b shows the detailed block diagram of flow control loop and the parameters shown
in the diagram are listed in Table 4.5. The total fueling command is known to the feedback
flow controller and is not treated as an exogenous input to the closed-loop system. That is
to say, the robust feedback flow controller is synthesized around stoichiometric combustion
conditions. When the controller is implemented for the real-time control, the actual fueling
command generated by the AFR controller is used as one of the inputs of the flow loop

controller to account for changing fueling dynamics.

8Ym s —]
- Feedforward

Flow Sensors 1
W3
8lpr3
|5ﬁ3 _______ (assume §ii3 = 8Tipp,3 when synthesizing the controller)
1 Fueling rate
|
6rf 1 F‘OWd eeeee d
1
sy : Engine Speed
| Feedback
67:11,/ !
Flow Sensors

Signal
Split

________

Figure 4.10. : Detailed control diagram of flow control loop.

137



Table 4.5. : Variables in the detailed control diagram

Symbol Parameter
OT AFR Nominalized AFR reference
oy Nominalized Flow reference
Oty Nominalized Engine Speed
dupp3 Feedback Fueling Command
OUpp3 Feedforward Fueling Command
Ous Total Fueling Command
Oy Flow Actuators’” Commands
n Sensor Noise
Zp, AFR Weighted Control Output of AFR
Zp.f Weighted Control Output of Flows
L, g Weighted Flows Actuators” Commands
Zu3 Weighted Fueling Rate Command
OYmm Normalized Sensor Measurements
OYm, 1 Normalized Flow Sensor Measurements
OYm,AFR Normalized UEGO Sensor Measurement
OUt, AFR Normalized AFR Control Target
OYr, 1 Normalized Flow Control Target
5Wu,3 Normalized Feedforward Fueling Command
ou Normalized Total Actuator Input
0z Normalized Model States (Nominal)
3o Normalized Model Output (Nominal)
oy Normalized Model Output (With Uncertainty)
G, Gy Normalized System Plants
Wy Disturbance Weighting Function
W, Shaping Function of Measured Flow Modeling Uncertainty
Wyt Shaping Function of Target Modeling Uncertainty
Wy.rr Shaping Function of AFR Modeling Uncertainty

Ayr, Ay arr, Dy fi Modeling Uncertainty
A, Sensor Bias Error
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4.5 Performance Objectives and Uncertainties

In this framework, the tracking error requirements and the actuator physical limits are
mathematically expressed as error and input performance weights, respectively. The model
uncertainty, delays, sensor dynamics and errors are all expressed as transfer functions in the

frequency domain.

4.5.1 Tracking Error Performance Weighting

The control target of the AFR control loop was set to keep cylinder AFR within 14.74+0.3
at low frequencies to enable a good conversion efficiency of TWC. For the flow control loop,
the targets were to track reference compressor flow rate within 11.2g/s error (6.5% — 12.9%
for the interested engine operation range) and EGR flow rate within 1g/s error (9.5% — 40%
for the interested engine operation range). Three different error performance weights W), are
used to specify the requirements of the tracking errors in the frequency domain.

Let 0y; denote the control target and o7 denote the tracking reference. The tracking error
e can be expressed as:

The exogenous output z, is defined as:
2, = Wye = Fuw (4.31)
Recall the definition of robust performance (RP)[06]:
1Fll <1 (4.32)

For a scaled system with exogenous input bounded by ||w|| < 1, the following conditions

should hold to achieve RP[G0]:

Izplle = IFwllo < IF][llwll <1
8 (4.33)

& [[Weell, <1 & [Wee| <1, Vw
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Table 4.6. : Parameters of Weighting Function W,

Control Target M*  A* w* (rad/s)
AFR 5 0.3 3.2
Comp. Mass Flow Rate 5  0.26 2
ERG Mass Flow Rate 5 0.25 2

Therefore, Wp_l can be used to shape the upper bound of the error at every frequency.

The following second-order W, was used in this application[60]:

W — ( I +“*B*>2 (4.34)
s+ w* B\/Z
where M* is the maximum error at high frequencies, A* is the steady-state error and w*
is the frequency where error reaches 100%. These parameters for three control targets are
listed in Table 4.6.
Fig 4.11 shows the bode plot of W, ™! which is also the upper bound of the controlled

error for three control targets.
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Figure 4.11. : Bode plot of error weight performance inverse.

140



4.5.2 Actuator Effect Weighting

The input performance weights W, are used to account for the physical limits of the

actuators (per Table 4.7).

Table 4.7. : Actuator characteristics

Actuator Physical Quantity Response Time
Valves Flow Rate 30 ms
Injector Fuel Flow Rate 30 ms

Electrical Waste-gate Exhaust Flow 93 ms

The exogenous output z, is defined as:

Similar to W,, W, " is the upper bound of the actuator (command) input. Due to
the physical limitations, the actuators cannot respond infinitely fast. Therefore, W, ' is
formulated as a low-pass filter (thus W, is a high-pass filter) to penalize the control action
at high frequencies.

W, is modeled as a first-order high-pass filter in the following format:

T7s+ 1
W, = (4.36)

o5 T1

where 7 is the actuator response time.
Fig 4.12 shows the bode plot of W, ™! for different actuators. As shown, once the fre-
quency exceeds the cut-off frequency (%) of the actuators, the actuators’ control actions are

penalized.
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Figure 4.12. : Bode plot of input weight performance inverse.

4.5.3 Disturbance Shaping Function

A low-pass filter Wy is added (per Fig. 4.9 and Fig. 4.10) to specify the frequency of the
engine speed change. In this application, the cutoff frequency was selected as 5 rad/s to

focus on rejecting the disturbance input at low frequencies.

Wa= (4.37)

| @
_I_
—_

4.5.4 Sensor Characteristics

Three sensor characteristics, delay, precision error and bias error, are considered in this

framework.

Sensor Delay

The sensor delay is modeled as the first order approximation based on the response time

listed in Table 4.1:
d%Yo

4.38
7s+ 1 ( )

6@0,delay =
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where 7 is the response time.
For the EGR DP sensor, the response time varies with the engine speed (per Table 4.1).
In this application, the response time was assumed to be 15ms for the speeds of (2400 —

3500 RPM).

Sensor Error

Two different sensor error types, precision error n, and bias error n;, are modeled in this

framework, as following:

Ym =Y + 1y + 1y (4.39)

Fig 4.13 shows the block diagram of sensor error modeling. The bias error is mod-
eled as a perturbation. w, is the diagonal weight function matrix of uncertainty which is
defined as identity matrix I, and A, is the scaled diagonal uncertainty block, i.e. Ay =
diag {0s1, ds2, ..., 055} and dg € [—1,1]. The percent bias error dg is given as accuracy in

Table 4.1 .

:ws—ilAS

-'I'nb Bias Error

_ 5
oy ),
np Precision Error
W,
1 n

Figure 4.13. : Sensor error modeling.

The sensor precision error is estimated based on the Fast Fourier Transform (FFT) anal-
ysis of real-time UEGO sensor measurements. Fig 4.14 shows the FFT analysis of AAFR
(Reference AAF R) which is the difference between every point and the average of the mea-

surements at stoichiometric conditions.
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Figure 4.14. : FFT analysis of AFR measurements.

A noise shaping function W, is used to approximate the frequency component of the
precision error. Assuming the input of W,, is Gaussian noise with 0.1 variance, the precision

error can be expressed as:
and

(ﬁs + 1) (is + 1)
(Ls+1) (3s+1) (Fs+1) (s +1)

The reshaped AFR precision error is shown in Fig. 4.14 (Reshaped AAF R), which has

W, = 0.024 (4.41)

similar frequency components as the actual measurement.

The noise shaping function of flow sensors is formulated as a second-order high pass filter:

W, = (4.42)

2
(s 1 37.7 % \/0.001)

o 37T

which indicates that the low-frequency error is 0.1%, the high frequency error is 2%, and the
frequency where the error reaches 2% is 6Hz (37.7rad/s).

144



4.5.5 Model Uncertainty

Shaped model uncertainty is used to approximate the unmodeled dynamics and lineariza-
tion errors. The diagonal multiplicative output uncertainty is selected in this application
since it can be easily estimated by comparing the model outputs and the reference outputs.

Fig. 5.40 shows the multiplicative output uncertainty block of the nominal output Jdyg

(per equation (4.2)).

w, |5 4,

670 1 6?
s+l [— @_>

Figure 4.15. : Multiplicative output uncertainty for outputs.

The actual output with first-order sensor dynamics can be expressed as follows:

_ d%o _
oy = p—— + wy, Ay Yo (4.43)

where 7 is the sensor response time, w, is the diagonal weight function matrix of un-
certainty in the frequency domain, and A, is the scaled diagonal uncertainty block, i.e.
A, = diag {041,042, ..., 0y5} and 6,5 € [—1,1]. If the output is used as the control target, the
delay block should be removed.

The diagonal element in w, is defined as:

S
Wy B,i + ey71
S + 1

2ey iwyB,i

wy; = wy(i,i) =

(4.44)

where e, ; is the relative error at steady state of output y;, wyp; is the approximate frequency

where the relative uncertainty reaches 2e, ;.
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The steady-state relative error value e,; is estimated by the following multiplicative

output uncertainty:

o i — 0Yo.i i — Yo,i
ey = Imax (y GT, %o, ) = max (y GTi — Yo, ) (4.45)
oy 0,i Yo,i— Yei

where yp; is the ith nominal model output, y ¢r; is the ith GT-Power cycle averaged output
and ye; is the equilibrium point value of the ith output. ¢ donates the difference between
the value and its equilibrium point.

One problem with this uncertainty estimation is that when the nominal state yg is close
to the equilibrium point y., the denominator becomes very small, which results in a large
relative steady-state error. The numerical issue brought by the small denominator results in
an improper estimation of the perturbation for these points. Therefore, the peak y; at the
points that are close to the equilibrium points should be neglected. In this application, the
maximum steady-state relative value which occurs outside the speed range 3200+300RPM
is used as the error value ey ;.

Fig. 4.16 shows the relative steady-state error of the compressor mass flow rate (Weom,)
modeling based on equation (1.145). The error value was estimated by 0.19, which occurred
at 2900RPM (1250s). The relative steady state error e,; and frequency wyp; for different

output y; are listed in Table 4.8.

1
—Rel.atlve steady-state error 3400
* Estimated e for W
y comp
05 —Engine Speed H 3200
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i
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2 0 L o
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[w 2600

-1 2400
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Figure 4.16. : Relative steady-state error of the compressor mass flow rate We,,,, modeling
at different engine speeds.
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Table 4.8. : Model Output Uncertainty

Output Symbol e,; wyp,; (rad/s)

Y1 Winer  0.23 20
Yo Weomp ~ 0.19 20
ys Wegn 018 20
Yq Wcharge 0.15 20
ys  AFR. 0.2 20

The Pade approximation is used to model the transport delay between the cylinder AFR
(AFR.,) and the exhaust AFR (AF Reyp):

—Hs+1

AFR,, =
Rean (s) 7—2‘13+1

AF Ry (s) (4.46)

and the time constant 7,4 can be estimated by|[32]:

180 + 180 -+ 180
T =
d 360N,

s (4.47)

where N, is the engine speed. 74 used in this application was approximated by 30ms (N, =

3200RPM).

4.6 Sensor Selection Results
4.6.1 Operating Conditions

Desired Engine Operation Points

In order to generate reasonable compressor and LP EGR flow rate targets, 240 steady-
state operating conditions were tested in the high fidelity engine GT-Power model. The
operating conditions included twelve engine speeds varying from 2400 to 3500 RPM at every
100 RPM, four throttle valve angles (40°, 60°, 75°, fully-open 90°), and five LP EGR valve
angles (fully-closed 0°, 5°, 10°, 15°, 20°). The AFR was maintained at the stoichiometric

value.
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The desired torque curve is shown in Fig. 4.17a. For each desired torque point, the
corresponding compressor mass flow rate and LP EGR flow rate were selected as flow tracking
targets (per Fig. 4.17b and 4.17¢). By controlling the compressor and LP EGR mass flow

rates, the inlet air flow rate, EGR ratio and the torque can be controlled.

Sensor Working Conditions

Three sensor working conditions were considered for testing the control performance:

Condition 1: All four flow sensors worked at their maximum bias error which pushed the
feedforward command towards leaner combustion, i.e. -4% for MAFa, -2% for MAFh, 7%
for EGR DP, -5.1% for ChgVS. The UEGO sensor was set as 0.1 bias error for measured
AFR which made the feedback fueling command towards richer combustion. The precision
errors for all flow sensors were ignored. For the UEGO sensor, the precision error was the
shaped Gaussian noise by equation (4.41). All sensor delays were considered.

Condition 2: All four flow sensors worked at their maximum bias error which pushed the
feedforward command towards richer combustion, i.e. 4% for MAFa, 2% for MAFh, -7% for
EGR DP, 5.1% for ChgVS. The UEGO sensor was set as -0.1 bias error for measured AFR
which made the feedback fueling command towards leaner combustion. The precision errors
for all flow sensors were ignored. For the sensor, the precision error was the shaped Gaussian
noise by equation (4.41). All sensor delays were considered.

Ideal condition: All four flow sensors as well as the UEGO sensor, perfectly measured the

flows and AFR. No bias error or precision error was added. All sensor delays were considered.

Engine Operating Scenarios

Two operating scenarios (per Fig. 4.18) were performed for testing the control perfor-
mance: (1) operating scenario 1 was the step engine speed change within 2400 to 3500 RPM
at every 100 RPM for 82s; (2) operating scenario 2 was the ramp engine speed change within
2400 to 3500 RPM for 42s.

148



4.6.2 Computation Results

The synthesis of the H,, controller and the calculation of the structured singular value
1 were based on the DK-iteration method. The MATLAB function dksyn was used for
controller synthesis. Table 4.9 shows the sensor selection results for both AFR and air/EGR
flow control loops.

For the AFR control loop, only Case 2 had i < 1 and the worst-case gain lower than 1. In
Case 3, u was very close to 1. Case 1 had the highest p as well as the highest worst-case gain.
These results indicated that Case 2, the combination of ChgVS sensor, EGR DP sensor and
UEGO sensor, was the most robust sensor set for AFR control. Considering the p values
in both Case 2 and Case 3 were close to 1, their robustness of AFR control performance
would not have significant differences. Case 1, the combination of MAFa sensor and UEGO
sensor, was the least robust sensor set. Compared with Cases 2 and 3, the worst-case peak of
Case 1 occurred at higher frequencies, indicating that larger oscillations would occur during
transient operations when Case 1 was used.

For the flow control loop, Case 3 was the most robust sensor set and it was the only case
with p lower than 1. Case 3 had much lower p compared with the other two cases. This
indicated that Case 3 could still achieve robust performance even with a stricter objective
requirement whereas the other two cases cannot. In Case 2, u and the worst-case gain
were very close to 1, which indicated that the flow control objective could be achieved if
the requirements were slightly relaxed or the sensor set performance was slightly improved.
Case 1 was the least robust sensor set for flow control targets. The worst-case gains for both
Case 1 and Case 2 occurred at relatively low frequencies, which indicated the flow control

difficulties of the uncertain system near steady states.

4.6.3 Testing Results

The synthesized robust AFR, EGR flow and air flow controllers were applied to a high
fidelity SI engine GT-Power model. A co-simulation harness block was used to connect the

controllers in SIMULINK and the GT-Power model. The desired compressor and LP EGR

149



Table 4.9. : Sensor selection results for robust-control based framework

Feedforward AFR Control Loop Flow Control Loop
Case Sensor(s) ] Worst-case Performance Worst-case Performance
controller I — I3 —
Critical Critical
Lower | Upper Lower | Upper
Bound | Bound Frequency Bound | Bound Frequency
ou u (rad/s) ou ou (rad/s)
MAFa, A WM’# 1.0193 | 1.0525 | 1.0547 10 1.0468 | 1.0717 | 1.0743 | 0.0588
2 ChgVS, EGR DP, \ | WeraraeTewrt 119 9997 [ 0.9876 | 0.9898 | 2.2855 [ 1.0008 | 1.0003 | 1.0025 | 0.2572
3 | MAFh(50ms), EGR DP, A | Meeme_Tlewrt 17 0054 | 1.0081 | 1.0102 | 1.4251 | 0.9114 [ 0.8825 | 0.8844 | 1.6318

mass flow rates at each speed (per Fig. 4.17) were used as the flow control targets. The
desired AFR was set as 14.7.

The cycle averaged cylinder AFR, cooled compressor mass flow rate and LP EGR flow
rate from GT-Power model were used as the truth-references. Four candidate flow sensors
and the UEGO sensor were placed in the GT-Power model. The cycle averaged outputs
were corrupted by the first-order dynamics, bias and precision errors before the controllers
accept the signals. Actuator delays were implemented directly in the GT-Power model as
first-order responses.

Five tests with different sensor working conditions and operating scenarios were per-
formed (per Table 4.10) and the results are listed in Table 4.11. In all five tests, Case 1
(MAFa sensor + UEGO sensor) failed the LP EGR tracking requirement (per Table 4.11),
which was consistent with g > 1 in Table 4.9. Though in Case 2 (ChgVS sensor + EGR
DP sensor + UEGO sensor) p was slightly greater than 1 (per Table 4.9), it could satisfy
the compressor and LP EGR flow tracking requirements in all five tests (per Table 4.11).
For Case 3 (MAFh sensor + MAF sensor + UEGO sensor), the compressor and LP EGR
control errors were much lower than the requirements, which was consistent with u < 1 (per
Table 4.11). Per Table 4.11, Case 3 had smaller compressor and LP EGR flow control errors
than Case 2 in all tests, which was consistent with the fact that u in Case 3 was lower than

w1 in Case 2 per Table 4.9.
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Table 4.10. : Operating scenarios and sensor working conditions

Test case | Operating Scenario | Sensor Working Condition
1 Ramp Ideal Condition
2 Step Condition 1
3 Step Condition 2
4 Ramp Condition 1
5 Ramp Condition 2

Table 4.11. : Flow Control Loop Tracking Errors

Maximum Error of Wegm, (8/s) Maximum Error of Weg,y (g/s) - . _ . . .
Test Requrioment: <11.2g/s Requrioment: <lg/s Maximum Error of Torque (Nm) | Maximum Error of EGR Ratio

Case 1 Case 2 Case 3 Case 1 Case 2 Case 3 Case 1 Case 2 Cdse 3 | Case 1 | Case 2 Case 3
Test 1 | 5.5 (6.6%) | 5.3 (6.4%) | 4 (6.8%) 1.50 0.62 (8.1%) | 0.50 (7.0%) | 32 (8.6%) | 28 (7.5%) (5.9%) | 2.0% | 1.04% 0.84%

Test 2 | 5.1(6.1%) | 5.7(6.9%) | 3.8 (4.5%) | 1.36 (19.1%) | 0.55 (7.7%) [ 0.55 (7.7%) | 33 (8.8%) | 36 (9.5%) ( %) | 1.8% | 1.1% 0.9%
Test 3 | 6.1 (4.3%) | 7 (4.9%) |44 (3.1%) | 1.53 (21.5%) | 0.52 (17.3%) | 0.40 (13.3%) | 30 (6.8%) | 32 (7.2%) | 24 (5.5%) | 1.8% | 0.55% 0.40%
Test 4 | 7.0 (8.4%) | 7.4 (8.9%) | 5.2 (6. 3%) 1.52 0.80 (11.3%) | 0.77 (10.8%) | 46 (12.4%) | 46 (12.4%) | 34 (8.2%) | 2.03% | 1.36% 1.18%
Test 5 | 5.8 (4.0%) [ 6.6 (4.6%) | 4.2 (2.9%) [ 1.68 (23.6%) | 0.79 (27.5%) | 0.62 (21.6%) | 27 (6.1%) | 29 (6.6%) | 23 (5.2%) | 1.99% | 1.04% 0.84%

Test 1

Fig. 4.19 shows the ramp test for three sensor sets. In this test, all sensors worked at
their ideal conditions without bias or precision errors. The sensor delay was considered in
this test. Case 2 had the best AFR control performance while Case 1 was the worst one. For
all three sensor sets, AFR was controlled to remain within 14.740.1 when the engine speed
changed within 2400 to 3500 RPM rapidly. The objective requirement of AFR control loop
was satisfied for all three sensor cases.

Fig. 4.20 shows the compressor mass flow rate tracking performance. At 20s when the
transient engine speed change occurred, Case 3 had the smallest tracking error among the
three sensor sets. At higher engine speeds, Case 3 also had better tracking performance than
Case 1 and 2. The maximum tracking errors of Case 1, 2, 3 were 5.5kg/s, 5.3g/s and 4.0g/s,
respectively. The corresponding percent errors were 6.6%, 6.4% and 4.8%.

Fig. 4.21 shows the LP EGR mass flow rate tracking performance. The maximum tracking
error in Case 1 reached 1.5g/s at 22s. Case 3 had the best LP EGR flow tracking performance.
Case 2 was slightly worse than Case 3. In Case 2, the controlled EGR flow had slower

responses to the transient target change. At low EGR flow rate levels, Case 2 had the worst
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tracking performance. The largest LP EGR tracking errors of Case 2 and Case 3 were 0.62g/s
(8.7%) and 0.50g/s (7.0%).

Fig. 4.22 and 4.23 show the inlet air flow rate and EGR ratio control performance of
three sensor cases. Case 3 achieved the best control performance of these two variables. For
inlet air flow, the maximum tracking errors of Case 1, 2 and 3 were 6.1g/s (7.8%), 5.1g/s
(6.5%) and 3.8g/s (4.8%), respectively. Case 1 had a reverse EGR ratio drop during 10 to
20s due to the large EGR flow tracking error (per Fig. 4.21). The maximum EGR ratio
tracking errors of Case 1, 2, 3 were 2.0%, 1.04% and 0.85%, respectively.

Fig. 4.24 shows the torque tracking performance. Case 3 achieved the best torque control
performance with the maximum transient tracking error lower than 22Nm (5.9%). The
maximum torque tracking errors of Case 1 and Case 2 were 32Nm (8.6%) and 28Nm (7.5%).
A torque tracking delay was observed in all three sensor cases. The delays of Case 1, 2, and
3 were 1.6s, 1.4s and 1.2s, respectively. The error bar plot (per Fig. 4.25) shows a detailed
comparison of the torque control performance. For each sensor case, the average torque error
was calculated every 0.5s and the envelope was the standard deviation of the error. In this
ideal test, the envelop in all three sensor cases was small. Case 3 had the lowest torque
tracking error over the entire test. Case 2 had better torque control performance than Case

1 before 25s.
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Figure 4.20. : Test 1: compressor mass flow rate tracking performance.
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Figure 4.23. : Test 1: EGR ratio control performance.
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Test 2

Fig. 4.26 shows the AFR tracking performance of three sensor cases. All four flow sensors
worked at their maximum bias error which pushed the feedforward fueling command towards
leaner combustion and the UEGO sensor was with 0.1 bias error as well as precision errors.
All sensor cases had noisy AFR control performance due to the UEGO sensor noise. Large
oscillations occurred during 10 to 20s when the engine was run at the lowest speed 2400RPM.
For the entire test, all three sensor cases could maintain cylinder AFR within 14.740.3 for
most of the time. Among the three sensor sets, Case 1 had the largest oscillation peak
whereas Case 2 had the smallest (per Fig. 4.27). When the engine was operated at high
speeds from 3300 to 3500 RPM, the AFR in Case 2 stayed closer to the stoichiometric value

14.7 than in Case 1 or Case 3, where the combustion was towards richer.

15.6 Case 1: MAFa 73600
154 —Case 2: ChgVS + EGR DP
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15 ’ e {1 || R 7% o B e I s [ Rt 3200 £
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14.4 [T 2800 @
14.2 o)
2600 L0
14
13.8 - 2400
10 20 30 40 50 60 70 80

Time (s)

Figure 4.26. : Test 2: AFR tracking performance.

Fig. 4.29 and 4.30 show the control performance of the compressor and LP EGR flow.
For the controlled compressor flow (per Fig. 4.29), Case 3 had the lowest tracking error at
every step. The largest steady-state tracking errors of all three cases occurred during 11
— 16s when the engine was operated at 2400 RPM. The maximum steady-state error in
Case 3 was 3.8g/s (4.5%) at 15s. The maximum absolute errors in Case 1 and Case 2 were
5.1g/s (6.1%) and 5.7g/s (6.9%). All three sensor cases met the compressor flow rate error
requirement 11.2g/s. For the LP EGR flow (per Fig. 4.30), Case 3 was better than Case
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Figure 4.28. : Test 2: AFR tracking performance (74—79s).

2 at low EGR levels whereas Case 2 was slightly better than Case 3 at higher EGR levels.
Case 1 was the worst sensor set for LP EGR tracking. The largest error in Case 1 was up to
1.36g/s (19.1%) at 21s. The largest errors of Case 2 and Case 3 were both 0.55g/s (7.7%)
at 21s. Both Case 2 and Case 3 met the LP EGR flow error requirement 1g/s while Case 1
failed.

Fig. 4.31 and 4.32 show the inlet air flow rate and EGR ratio control performance of three
sensor cases. Case 3 achieved the best control performance of these two variables at every
step. The maximum inlet air flow control errors for Case 1, 2, 3 were 6.1g/s (7.4%), 6.5g/s

(7.9%), and 4.4g/s (5.3%), respectively. Per Fig. 4.31, the maximum air flow errors for all
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Figure 4.29. : Test 2: compressor mass flow rate tracking performance.
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Figure 4.30. : Test Case 2: LP EGR mass flow rate tracking performance.

three cases occurred during 17 to 22s, the second step. For EGR ratio control performance
(per Fig. 4.32), Case 1 cannot achieve the desired increase during 11 to 16s and 53 to 78s.
The maximum EGR ratio control errors for Case 1, 2, 3 were 1.8%, 1.1% and 0.9%, at 21s.
Fig. 4.33 shows the torque tracking performance. Case 3 achieved the best torque control
performance for both steady-state and transient changes. The worst steady-state torque
tracking performance of all these cases occurred at 20s. The maximum error values for Case
1, 2 and 3 were 33Nm (8.8%), 36Nm (9.5%) and 25Nm (6.7%), respectively. The error bar
plot (per Fig. 4.31) shows a detailed comparison of the torque control performance. For

each sensor case, the average torque error was calculated every 0.5s and the envelope was
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Figure 4.31. : Test 2: inlet air mass flow rate control performance.
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Figure 4.32. : Test 2: EGR ratio control performance.

the standard deviation of the error. When the engine was run at low speeds (10 — 30s),
small steady-state errors with large oscillations were observed in all three sensor cases (per
Fig. 4.34). During the entire test, Case 3 always had the lowest torque tracking error.

Fig. 4.35 shows the exhaust A sensor working condition in each of the three sensor cases.
The GT-Power cycle-averaged exhaust AFR is used as the truth-value. The simulated sensor
measured AFR is the GT-Power output AFR corrupted with 200ms first-order delay, 0.1

absolute bias error and random precision errors.
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Figure 4.34. : Test 2: Error bar of torque.

Fig. 4.36a, 4.36b and 4.36¢ show the working conditions of flow sensors in different sensor
cases. The GT-Power cycle-averaged flow rates Wgr are used as the true values. The

simulated sensor measurement W, is calculated as following:

Wear
14+ 7s

Wi = x (14 ny) (4.48)

where 7 is the sensor delay and ny is the maximum sensor bias error in percent.
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Figure 4.35. : Test 2: exhaust lambda sensor measurement.
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Test 3

Fig. 4.37 shows the AFR tracking performance of three sensor cases. In this 82s step
test, the sensors worked at condition 2. Similar to Test 2, large oscillations occurred during
10 to 20s when the engine was operated at the lowest speed 2400 RPM. All three sensor had
more oscillations outside the required AFR control range compared with Test Case 2 (per

Fig. 4.26).
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Figure 4.37. : Test 3: AFR tracking performance.

Fig. 4.38 shows the detailed AFR control performance during 20 to 27s. Case 1 had the
largest oscillation peak. Fig. 4.39 shows the detailed AFR control performance during 74 to
79s. During this time, the engine was operated at high speeds from 3300 to 3500 RPM. In
Case 2, AFR was closer to the stoichiometric value 14.7 than in Case 1 and 3, where the
combustion was leaner.

Fig. 4.40 shows the compressor mass flow rate tracking performance. Case 3 had the
lowest tracking error at every step. With increasing engine speed, the tracking errors in
all three sensor cases became larger. The largest steady-state error in Case 3 was 4.4kg/s
(3.1%) at 80s, and it was lower than the requirement 11.2g/s. The largest steady-state
tracking errors of Case 1 and Case 2 also occurred at 80s. The maximum absolute errors in

Case 1 and Case 2 were 6.1g/s (4.3%) and 7g/s (4.9%), respectively.
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Figure 4.39. : Test 3: AFR tracking performance (74—79s).

Fig. 4.41 shows the LP EGR mass flow rate tracking performance. Case 2 and Case 3 had
similar good EGR tracking performance. Case 1 was the worst sensor set for the LP EGR
flow tracking. The largest error in Case 1 was 1.53g/s (21.5%) at 20s, which was greater
than the requirement. The largest error was 0.52g/s (17.3%) for Case 2 and 0.40g/s (13.3%)

for Case 3, both at 45s .

Fig. 4.42 and 4.43 show the inlet air flow rate and EGR ratio control performance of

three sensor cases. Case 3 achieved the best control performance of these two variables at
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Figure 4.40. : Test 3: compressor mass flow rate tracking performance.
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Figure 4.41. : Test 3: LP EGR mass flow rate tracking performance.

every step. Per Fig. 1.42, all three sensor cases reached the maximum inlet air flow control
error at 80s. The maximum errors for Case 1, 2 and 3 were 6.6g/s (5.0%), 7.3g/s (5.5%) and
4.6g/s (3.5%), respectively. For the EGR ratio control performance (per Fig. 4.43), Case 1
cannot track the desired increase during 11 to 16s or 53 to 78s. The maximum EGR ratio
control error for Case 1 was 1.8% at 21s. The worst EGR ratio control performance for Case

2 and 3 occurred at 45s. The maximum error values were 0.55% for Case 2 and 0.40% for

Fig. 4.44 shows the torque tracking performance. Case 3 achieved the best torque control

performance. The maximum error in Case 3 was 24Nm (5.5%) at 78s. All three sensor sets
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Figure 4.42. : Test 3: inlet air mass flow rate control performance.
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Figure 4.43. : Test 3: EGR ratio control performance.

failed to track the increasing torque target at the last step. Compared with Case 1, Case 2
had smaller tracking errors for the first 34s when the desired torque was lower while Case 1
became better with the increasing of the target torque. The largest error was 30Nm (6.8%)
for Case 2 and 32Nm (7.2%) for Case 3, both at 78s. The error bar plot (per Fig. 4.45)
shows a detailed comparison of the torque control performance. For each sensor case, the
average torque error was calculated every 0.5s and the envelope was the standard deviation

of the error. Similar to Test 2, small steady-state errors with large oscillations were observed
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in all three sensor cases when the engine was run at low speeds (10 — 30s) (per Fig. 4.45).

During the entire test, Case 3 always had the lowest torque tracking error.
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Figure 4.44. : Test 3: Torque control performance.
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Figure 4.45. : Test 3: Error bar of torque.

Test 4

Fig. 4.46 shows the ramp test for the three sensor sets. In this ramp test, all sensors
worked in condition 1. For all three sensor sets, AFR was controlled to remain within
14.7+0.3 for most of the time. Large oscillations occurred during 20 to 25s due to the

transient change of the engine speed.
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Figure 4.46. : Test 4: AFR tracking performance.

Fig. 4.47 shows the detailed AFR control performance during 18 to 22s. Case 1 had the
largest positive error peak and Case 3 had the largest negative error peak. Case 2 had the

smallest oscillation among the three sensor sets.

—Case 1: MAFa -13600
15.2 —Case 2: ChgVS + EGR DP

:(EDra]Zﬁ]SZSI\gAFh+ EG DP 3400
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, . E
3200 @
he]
i P 3000

LL 1

< 7]
2
________________________________________________ _.-2800 S
c
L

-2600

2400

18 18.5 19 19.5 20 20.5 21 21.5 22

Time (s)

Figure 4.47. : Test 4: AFR tracking performance (18—22s).

Fig. 4.48 shows the compressor mass flow rate tracking performance. Case 3 had the best
tracking performance during the entire test. The maximum tracking error in Case 3 was 5.2

g/s (6.3%) at 20s. Case 2 was the worst sensor set for compressor mass flow tracking in
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this test and its maximum tracking error reached 7.4g/s (8.9%) at 20s. Case 1 had similar
tracking performance as Case 3 after 20s when the engine speed started to increase. The
maximum flow tracking error in Case 1 was 7.0g/s (8.4%).
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Figure 4.48. : Test 4: compressor mass flow rate tracking performance.

Fig. 4.49 shows the LP EGR mass flow rate tracking performance. Case 1 had very large
tracking error 1.52 g/s at 22s. Case 3 had the best LP EGR flow tracking performance. The
largest LP EGR tracking errors were 0.80g/s (11.3%) for Case 2 and 0.77g/s (10.8%) for
Case 3, both at 22s.
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Figure 4.49. : Test 4: LP EGR mass flow rate tracking performance.
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Fig. 4.50 and 4.51 show the inlet air flow rate and EGR ration control performance of
all three sensor cases. Case 3 achieved the best control performance of these two variables.
For the inlet air flow control, the largest errors for all three sensor cases all occurred at 22s.
The maximum errors were 7.6g/s (9.7%) for Case 1, 7.4kg/s (9.4%) for Case 2 and 5.2g/s
(6.6%) for Case 3, all within the required range. Per Fig. 4.51, the worst EGR ratio control
performance occurred at 22s for all three cases. The largest errors for Case 1, 2 and 3 were

2.03%, 1.36% and 1.18%, respectively.
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Figure 4.50. : Test 4: inlet air mass flow rate control performance.
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Figure 4.51. : Test 4: EGR ratio control performance.
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Fig. 4.52 shows the torque tracking performance. Case 3 achieved the best torque control
performance for this ramp test. During 20 to 23s, there was about 1.5s torque tracking delay
in all three sensor cases. Case 3 achieved the lowest transient tracking error among the
three cases. At 20s, the maximum tracking errors for Case 1, 2 and 3 were 46Nm (12.4%),
46Nm (12.4%) and 34Nm (8.2%), respectively. The error bar plot (per Fig. 4.53) shows a
detailed comparison of the torque control performance. For each sensor case, the average
torque error was calculated every 0.5s and the envelope was the standard deviation of the
error. Per Fig. 4.53, Case 1 achieved lower tracking error than Case 2 during the entire ramp

test even though the maximum error values in Case 1 and Case 2 were the same.
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Figure 4.52. : Test 4: Torque control performance.
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Figure 4.53. : Test 4: Error bar of torque.

Test 5

Fig. 4.54 shows the ramp test for three sensor sets. In this ramp test, the sensors worked
at condition 2. For all three sensor sets, AFR was controlled to remain within 14.740.3 for
most of the time. Large oscillations occurred during 20 to 25s due to the transient change
of engine speed. Due to the negative bias error of the exhaust A sensor, the controlled AFR

was towards leaner during the transient engine speed change in all three cases.
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Figure 4.54. : Test 5: AFR tracking performance.
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Per Fig. 4.55, AFR in Case 2 stayed closer to 14.7, whereas Case 1 and Case 3 had larger
error peaks during 18 to 22s.
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Figure 4.55. : Test Case 5: AFR tracking performance (18—22s).

Fig. 4.56 and 4.57 show the compressor mass flow rate and LP EGR mass flow rate
tracking performance. Case 3 had the best tracking performance over the entire test and
was the best sensor set for the control of air/EGR paths. Per Fig. 4.56, Case 3 was closer
to the target compressor mass flow rate than the other two cases during 20 to 42s when
the engine speed kept increasing. The maximum tracking error for Case 1, 2, 3 was 5.8g/s
(4.0%), 6.6g/s (4.6%) and 4.2g/s (2.9%), respectively. Per Fig. 4.57, the maximum LP EGR
flow tracking error in Case 1 occurred at 22s and was 1.68g/s (23.6%). The error peaks
of Case 2 and 3 both occurred at 28s, which were 0.79g/s (27.5%) and 0.62g/s (21.6%),
respectively.

Fig. 4.58 and 4.59 show the inlet air flow rate and EGR ratio control performance. Per
Fig. 4.58, all three sensor cases had larger tracking errors with the increasing of the target
air flow rate. Among the three sensor cases, Case 3 had the best control performance. The
maximum air flow tracking errors for Case 1, 2 and 3 were 6.6g/s (4.7%), 7.3g/s (5.2%) and
4.7¢/s (3.4%), respectively. Per Fig. 41.59, Case 2 and Case 3 had similar EGR ratio control
performance except 27 to 33s when the target EGR ratio was low. Case 1 was the worst for

EGR ratio control. The maximum EGR ratio tracking error in Case 1 was 1.99% at 22s.
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Figure 4.56. : Test 5: compressor mass flow rate tracking performance.
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Figure 4.57. : Test 5: LP EGR mass flow rate tracking performance.

The largest transient EGR ratio control errors were 1.04% for Case 2 and 0.84% for Case 3,

both at 28s.

Fig. 4.60 shows the torque tracking performance. There were larger control errors when
the desired torque was higher in all three cases. Case 3 was better than the other two cases
to track the dynamic torque target during 10 to 42s. The maximum tracking errors occurred
at 42s for all three sensor cases. The maximum error values for Case 1, 2 and 3 were 27Nm
(6.1%), 29Nm (6.6%) and 23Nm (5.2%), respectively. The error bar plot (per Fig. 4.61)
shows a detailed comparison of the torque control performance. For each sensor case, the

average torque error was calculated every 0.5s and the envelope was the standard deviation
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Figure 4.58. : Test 5: inlet air mass flow rate control performance.
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Figure 4.59. : Test 5: EGR ratio control performance.

of the error. Per Fig. 4.61, Case 2 had the lowest torque tracking error during 12 to 20s when

the engine speed kept decreasing while Case 3 had advantages over the other two sensor sets

during 25 to 42s when the engine speed kept increasing.
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Figure 4.60. : Test 5: Torque control performance.
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Figure 4.61. : Test 5: Error bar of torque.

4.7 Summary

A robust control based sensor system and controller co-design framework is developed in
this work. The framework uses the p-synthesis method to compute the structured singular
value p while synthesizing a linear H,, controller. The worst-case analysis is also performed
as an additional robust performance evaluation. The p value and the worst-case gain are
compared with 1 to determine the acceptable sensor sets and controllers. The framework
was applied to a high fidelity GT-Power turbocharged SI engine model utilizing LP EGR for

stoichiometric AFR and flow controls.
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Two independent control loops, flow control loop and AFR control loop, are designed to
control the compressor flow, the EGR flow and maintain the cylinder AFR. The performance
objectives of the flow control loop are to track the compressor mass flow rate within 11.2g/s
absolute error and the LP EGR flow rate within 1g/s at low frequencies, via manipulating
the throttle valve, LP EGR valve, waste-gate and VVT. The performance requirement of the
AFR control loop is to maintain the AFR within 14.740.3 at low frequencies by controlling
the fueling rate. Feedforwad controllers are used in the AFR control loop to improve the
AFR control performance.

For AFR control, the computational results indicated that all three candidate sensor sets
had similar control performance. The most robust AFR control was expected for Case 2 (the
combination of ChgVS sensor, EGR DP sensor and UEGO sensor). The simulation results
showed that all three sensors could keep the AFR within 14.740.3 for most of the time.
Larger AFR oscillations were observed at low engine speeds and during transient operations.
Case 2 had the lowest oscillation peak while Case 1 had the largest peak. At higher engine
speeds, AFR in Case 2 could stay closer to 14.7 while the combustion in Case 1 and 3 (the
combination of MAFh sensor, EGR DP sensor and UEGO sensor) became richer.

For the control of air/EGR paths, the computational results indicated that the desired
robust performance could be achieved in Case 3 whereas Case 1 would be the least robust
sensor suite for the flow control. The simulation results showed that all three cases met the
compressor flow control requirement whereas only Case 2 and 3 could satisfy the LP EGR
control requirement. As a consequence, Case 3 had the best torque control performance and
EGR ratio control performance.

Based on the computation and high fidelity simulation results, Case 3 (MAFh sensor +
EGR DP sensor + UEGO sensor) should be selected as the most robust sensor set for the
control of air/EGR paths while Case 2 (ChgV'S sensor + MAF sensor + UEGO sensor) should
be selected as the most robust sensor set for AFR control. Considering the similar AFR
control performance of Case 2 and Case 3 as well as the significant flow control improvements
in Case 3, Case 3 (MAFh sensor + MAF sensor + UEGO sensor) should be selected if only

one sensor set can be used.
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5. ESTIMATION AND CONTROL OF THREE-WAY

CATALYST OXYGEN STORAGE LEVEL
5.1 Motivation

The three-way catalyst (TWC) works as a buffer to store or release oxygen and increases
the operating window about the stoichiometric air-fuel-ratio (AFR). The fractional oxidation
state (FOS) of TWC is a key control parameter for emission reductions. By manipulating
the desired engine AFR, the TWC oxygen storage can be kept at the desired level to reduce
emissions. Due to the lack of sensors, FOS is typically estimated by models. The model-based
estimation could result in inaccurate estimations and thus limits the control performance.
Some detailed chemical and thermodynamic-based models have been developed to describe
the complex TWC chemical reactions by set of partial differential equations (PDEs) in
time and space[0][7]. Though such models could provide good estimates of FOS, they are
not well-suited for controller designs. Moreover, the pre-existing discrepancy between the
AFR command and the actual AFR brings additional difficulties to the FOS controller.
Considering all the challenges, this chapter proposes a robust control strategy for the TWC
FOS based on closed-loop FOS estimation. A simple first-order model capturing the TWC
oxygen storage/depletion dynamics is corrected by an extended Kalman-filter (EKF) and
used as the FOS estimator. A robust controller considering model uncertainties, disturbances
and sensor/actuator inaccuracies is used to control the desired FOS by manipulating the

desired engine AFR.

5.2 Oxygen Storage and Release in TWC

The three major pollutants in the engine-out exhaust are carbon monoxide (CO), unburnt
hydrocarbons (HC) and nitrogen oxides (NO,). Three-way-catalyst (TWC) can be used to
simultaneously reduce NO, and oxidize HC and CO for SI engines. The chemical reactions
for emission reductions in TWC can be described by (5.1) - (5.3). The reductants HC and CO
can be oxidized into carbon dioxide (CO) and water (H2O) by oxygen while the oxidant NO
can be converted into nitrogen (Ns) and COy by CO. However, the relative AFR window
for achieving both oxidation and reduction simultaneously is very narrow (per Fig. 5.1),

bringing difficulties to the engine AFR control system.
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The TWC consists of Cerium oxides and precious metals[32]. The precious metals make
the reactions happen and Cerium oxidize CeOs (ceria) provides the TWC with an ability to
store oxygen in lean conditions and release oxygen in rich conditions. By maintaining the
TWC oxygen storage capacity in a state where oxygen can always be released or absorbed
in response to AFR variation in the engine-out exhaust, the narrow AFR window within
which all three pollutants are effectively removed, is widened substantially[69]. The chemical
reactions (5.4) and (5.5) describe the oxygen storage and release processes in the TWC,
respectively. Under rich conditions, all NO is converted whereas the removal of CO and HC
is incomplete due to the lack of oxygen in the engine-out exhaust[10]. If there is pre-stored
oxygen in the TWC, it can be released through (5.5) and oxidize HC and CO to water and
COs3. To remove NO under slightly lean conditions, TWC must react CO with NO rather
than with Oy. However, the reaction (5.2) is dominant over (5.3) in the presence of excess
oxygen[70] and thus the reduction of NO is inhibited[!0]. If there is a capacity for the TWC
to store the excess oxygen, NO can be reduced to Ny through reaction (5.3). Therefore,
TWC works as a buffer to store or release oxygen when there is extra oxygen or insufficient
oxygen, respectively, in the engine-out exhaust. Keeping the TWC in a proper oxidation

state is important for emission reductions.

C.H,+ (:1:' 4 Z) 0, = 2C0, + L 1,0 (5.1)
208203 + 02 — 40602 (54)
40602 — 206203 + 02 (55)
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The fractional oxidation state (FOS) is used to describe the current oxidation state of

TWC and is defined as:

stored amount of Oy 2 [CeOs]

F — =
05 total TWC Oy storage capacity — [CeOs] + [Cez0s]

where [ | denotes the mole fraction.

5.3 Control Structure

Fig. 5.2 shows the dual-loop control structure for the engine and its aftertreatment sys-
tem. The outer loop robust controller controls the TWC FOS to track the desired FOS by
manipulating the desired engine lambda (Agesireq) based on the measured exhaust flow rate
(Wezn), desired FOS (FOSgesirea) and estimated TWC FOS (FOScstimatea)- The inner loop
AFR controller controls the actual engine lambda (\,;,) to track the desired engine lambda.
The actual engine lambda is measured by a wide-band universal exhaust gas oxygen (UEGO)
sensor placed upstream of the TWC. A secondary narrow-band exhaust gas oxygen (EGO)
sensor is placed downstream the TWC and the voltage signal is mapped to the lambda value
(Aan). The FOS estimator consists of a TWC model and an extended Kalman-filter. The
FOS estimator predicts the current TWC FOS which is an input of the robust controller
based on the mapped Mg, and the measured We,, and A,,. The inner loop controller is a
pre-existing AFR controller. The work described in this chapter focuses on the development

of the outer loop controller which can be coupled with the inner loop controller.

5.4 Control-oriented TWC Model

5.4.1 Model Formulation

The control-oriented model is developed based on the model proposed in [71] for FOS

estimator and robust controller designs.

dFOS | 0.21x fur(Wair) x (1= 55) x p(Aup, FOS) x & 0< FOS < 1

Aup

(5.7)

dt 0 otherwise
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Figure 5.2. : Control structure of TWC fractional oxidation state (FOS)
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where W,;, is the engine-out mass air flow rate (approximated by the mixture mass flow rate),

fsat is the saturation function of W, C' is the effective TWC oxygen capacity (the total

mass of oxygen which can be stored in the TWC), A, is the TWC upstream A (engine-out \)

and p describes the exchange of oxygen between the engine-out exhaust and the TWC. The

saturation function f,,; is used to describe the phenomenon that the effective TWC oxygen
Wair

capacity C' increases as flow rate increases past a certain point[71] (thus =2 is limited). p

is modeled as a function of )\, and FOS:

FOS) M\, >1
o (g FOS) = | O A (5.8)

ozRfR (FOS) )\up <1
where o, and ap are the adsorption and desorption rate of oxygen, respectively. 0 < f; <1
represents the fraction of oxygen from the engine-out exhaust gas sticking to a site in the

TWC, and 0 < fr < 1 represents the fraction of oxygen being released by the TWC and

recombining with the engine-out exhaust gas. f; and fg are defined as:

e(aLxF052+bL xFOS) _ olar+br)

Ir (FOS) =

ela+br) 1

(arxFOS?+bpxFOS) _ 1 (5.9)

fr(FOS) =

elart+br) — 1

where ap, by, ag and bg are tuning parameters. fr is monotonically decreasing with FOS
while fr is monotonically increasing with FOS. When FOS = 0, f, =1 and fz = 0. When
FOS =1, fr =0 and fgr=1.

In equation (5.7), FOS is bounded by 0 and 1. The term 0.21 X fyu (W) X (1 — A—ip) is
the differential total mass of O in the engine-out exhaust gas with respect to stoichiometry.

The product 0.21 X feqi(Wair) X (1 — /\%p) X p (Aup, FOS) represents the mass flow rate of

O, that is absorbed or released by the TWC. Under the lean condition (A,, > 1), TWC

dFOS
dt

absorbs oxygen from the engine-out exhaust gas and > 0. During the rich operation

dFOS
dt

(Aup < 1), TWC releases oxygen to the engine-out exhaust gas and < 0.
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The TWC-out A (Agn) can expressed as:
An = Aup — (hup — 1) X p (Aups FOS) (5.10)

By defining the state x as:
x=FOS (5.11)

the input u and the disturbance input uy as:

U=\,
: (5.12)
Uqg = Wair
the output as:
Y1 = FOS
(5.13)
Yo = )\dn
the system can be expressed as:
0.21 X & X fear(ua) x (1—%) Xap X fr(r) 0<zx<1l and u>1
T =1 021 x & x far(ua) x (1= 1) xapx fa(z) 0<z<1 and u<l
0 otherwise
(5.14)
Y1 ="

u—(u—1)xapx fo(z) u>1
Y2 =
u—(u—1)xarx fr(zr) u<l

5.4.2 Model Calibration

The parameters ar, by, agr, br, ar, agr, f and C can be calibrated based on the
experimental data. In this work, a high fidelity aftertreatment model built in AVL BOOST
was used as the truth reference. The reference model was a dual-site TWC model developed
for an aged TWC consisting of two TWCs connected in-series (per Fig 5.3) based on[7][72].
The reference model was calibrated with test bench data and was able to correctly predict

the TWC dynamics. Due to the computation complexity, the reference model is not suitable
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Figure 5.3. : TWC structure

for control analysis, but can be a good reference to provide necessary information for the
control-oriented model (per equation (5.14)) calibration and serve as a virtual test bench. In
the reference model, each TWC is divided into four equal pieces and modeled piece-wisely.
The average TWC surface Ce;O4 mole fraction is used as the reference FOS.

The developed control-oriented model (equation (5.14) was first calibrated for TWC1
(per Fig 5.3) by the following three steps:

1. Find the saturation point of the air flow rate W,;,.: operate the TWC at the same
Aup profile for different flow rate conditions and find out at which flow rate point the TWC
breakthrough time starts to have few changes.

2. Calculate the effective TWC1 oxygen capacity Cp: calculate Oy mass difference be-
tween the TWC upstream and downstream exhaust gas at low air flow rate (below the
saturation rate) conditions.

3. Find out ay, by, ag, br, ar and agr: use the least-square fitting method to minimize
the p error for both lean and rich conditions. The reference p is calculated by the measured
TWCLI upstream A (Aypmeasure) and downstream A (Agn1 measure) based on equation (5.10).
The optimization problem can be expressed as follows and solved by MATLAB function

“Isqcurvefit”.
. 2
min Z (pmodel - pmeasure> )\up,measure >1
ar,ar,br, (515)
. 2
min Z (pmodel - pmeasure> )\up,measure S 1

aR,ar,br
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Figure 5.4. : Measured \,, and A4, for TWC1

Recall equation(5.10), p can be calculated by:

_)\up - )\dn

S (5.16)

By substituting poder and preasure, the optimization problem can be expressed as:

2
aLxF052+beFos) (EL+bL) A A\
: e —e up,measure —\dnl,measure
min Z (aL X - )‘up,measure > 1

ar,ar,br e(aL+bL) _1 /\up,mcasurcfl
e(aRxFOS2+bR><FOS) LA s 2
1 - up,measure nl,measure
TILITL Z aR X ( +b ) - A -1 )\up,measure S 1
aR,0R,bR e ARTOR 1 up,measure

(5.17)

Fig. 5.4 shows the TWC1 upstream A, profiles and measured downstream Ag,; in the
reference AVL Boost Model for three different engine-out flow rate cases. The same square
wave excitation signal is set for A, for all cases. Fig 5.5 shows the zoomed plot of A, and
Adn1- It can been seen that the dependency of the TWC1 breakthrough time on the flow
rate is more significant at low flow rate 0.0142kg/s. There is about 0.5s breakthrough time
difference between the low and mid flow rate cases. The saturation point of the Wy, is

approximated by 0.1332kg/s.
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Figure 5.6. : TWCI inlet and outlet O, mole fraction and reference FOS

Table 5.1. : ] calculation for TWC1

Transition ¢ to Cy (kg)

1 0 8.8  0.0023
2 99.8 106.7 0.0016
3 199.8 206.7 0.0016

Fig 5.6 shows the Os mole fraction in the TWCI1 inlet and outlet flow as well as the
reference FOS. The TWCI1 effective oxygen capacity C is calculated by the following integral
over a complete FOS increasing period (FOS(t;) =0, FOS(t2) = 1):

M, 0, t2

= m " Wexh (COg,in - COg,out) (518>

Ch

where My, denotes the molar mass of Oy and M., denotes the molar mass of the engine-
out exhaust gas (approximated by the molar mass of air), W, denotes the engine-out mass

flow rate, Co, in and Co, our denote the Oy mole fraction in the TWC inlet and outlet flow,

respectively.
Table 5.1 shows the C] calculation for the three transitions in Fig 5.6. Due to the effects

of the initial condition, transition 1 is very different from transition 2 and 3. Therefore, C'y

is estimated by the average of transition 2 and 3, which is 0.0016kg.
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Fig. 5.7 shows ppeasure (in equation (5.15)) for rich conditions. ag is approximated by

the maximum value of pyeasure (g = 1). For the fitted ppoger, ar is 13.45 and bg is —20.63.

pmeasure

Pmodel

| | ¢
0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
Reference FOS

Figure 5.7. : Rich condition: p,eqsure VS. reference FOS

Fig. 5.8 shows preasure (i equation (5.15)) for lean conditions. «y is approximated by

the maximum value of ppeasure (@ = 1.527). For the fitted pyoder, ar is 2.55 and by, is 1.2.

5.4.3 Model Validation

Fig. 5.9 and 5.10 show the TWC model validation for square and triangle excitation \,,.
Three different exhaust flow conditions, low flow (W, = 0.0142kg/s), mid flow (We, =
0.0685kg/s), and high flow (We,., = 0.1332kg/s), are considered. Compared with the mid
flow and high flow conditions, low flow case has larger FOS and \g,; estimation errors.

Fig. 5.11 - 5.14 show the detailed zoomed plots for the rich-lean and lean-rich transitions
for both excitation signals. Per Fig. 5.11 and Fig. 5.12, both of the mid flow and high flow
cases have good FOS estimation performance during the rich-lean transition whereas the
low flow case has about 0.5s delay. All three cases have delayed \g,; estimations during the
rich-lean transition. A possible explanation could be that the estimated FOS in the control-
oriented model started to increase after A\, crosses the switching point 1 whereas the average

TWC1 FOS in the complex reference model started to increase before the crossover point.

190



1.6

pmeasure

1.4

P model

1.2

0.8
0.6
0.4
0.2

0 L | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Reference FOS

Figure 5.8. : Lean condition: peqsure vS. reference FOS

This results in a delayed estimation of FOS in the control-oriented model, especially when
the flow rate is low. The delayed FOS estimation would result in a delayed p and thus a
delayed Ag,; estimation. Another thing should be noticed here is that the control-oriented
model is a lumped system and does not consider the internal interactions of TWC1, which
could bring some estimation errors. During the rapid lean-rich transition (per Fig. 5.13),
the estimation delays of FOS and A4,; could be found for all three flow conditions. During
the slow lean-rich transition (per Fig 5.14), the model has better FOS and Ag4,; estimation

performance compared to the rapid transition.

5.5 Extended Kalman-filter

In a manner similar to the approach taken in [73], an extended Kalman-filter (EKF) is
designed to correct the open-loop model estimation results.

For the nonlinear discrete-time system:

Tp1 = [e(Tr, ur) + wi
’ (5.19)

Yk = hy (z1) + vy
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Figure 5.9. : Model validation for square waves

where wy and v, are white Gaussian, independent random processes with zero mean and

covariance matrix:
E [wkwkT} = Nk

(5.20)
E [UkUkT} = Rk
The extended Kalman-filter (EKF) algorithm can be stated as[74]:
Prediction Cycle:
Predicted state estimate: Ty 1, = fi (@k‘k>
(5.21)
Forecast error covariance: Py = AkPkAg + Ny,
Filtered Cycle:
EKF gain: L1 = PooynClyy (Rin + CFyy Pogap G )
Updated state estimation: Zpi1jk+1 = Zr1p + Lt (ka — hg4q (ii"k+1|k)> (5.22)

Posterior error covariance: Pyi1 = (I — Ly+1Ckt1) Prgaje
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Figure 5.10. : Model validation for triangle waves

where Ay, Cjy1 are Jacobian matrices of f and h:

Ax = Viila, (5.23)

Cr1 = Vhila,,

5.5.1 Extended Kalman-filter Design

To implement the extended Kalman-filter, the TWC model in equation (5.14) is aug-

mented as follows:

U= Ayp
ug = Wair

T (5.24)
T = FOS )\dn,‘r oy QR 1

c

<>
I

/\dn,T
where g, r is the modeled TWC outlet A sensor measurement. The sensor response time is

assumed as 0.3s.
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Figure 5.11. : Model validation for square waves (zoomed plot for the rich-lean transition)
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Figure 5.12. : Model validation for triangle waves (zoomed plot for the rich-lean transition)
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Figure 5.13. : Model validation for square waves (32s zoomed plot for the lean-rich tran-
sition)
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Figure 5.14. : Model validation for triangle waves (32s zoomed plot for the lean-rich
transition)
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The augmented system is expressed as follows:

0.21 X &5 X faar () x (1= 1) 5 5 x fr (z1) w> 1,41 <1

=9 0.20 X &y X fuar (ua) ¥ (1= 1) x5 % fr(21) w<1,8 >0
0 otherwise
: Lo [—@g+u—(u—1)x I3 x T u>1
PR - Rl (= 1) x 25 x fi (31)] (5.25)
éx[—:%2+u—(u—1)><:f34><f3(£1)] u§1
Slég = 0
.%4 - 0
‘%5 - 0
The Jacobian matrices of the continuous-time system is expressed as:
A 0 Ay A Ags
Agp Agg Agz Ay 0
_ di _
A=%=1 0 0 0 0 0
0 0 0 0 0 (5.26)
0 0 0 0 0

C

01000
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where

)N 55x &2 2XE
0.21 X &3 X foar (ug) X (1 _ %) X &5 X (5.1:c1+1.2):i22 2 11.2x8; ws1d <1
A R 1 R (26.9j1720.63)613.45xi%720.63i1 R
11 =79 0.21 X Ty X feau (uq) X (1 — 5) X T5 X 9992 u<l,@; >0
0 otherwise
) 0.21 X fur (ua) x (1= 1) x 55 fr (1) w> 1,8 <1
13 =
0 otherwise
A 0.21 X foar (ug) X (1—%) X &5 X frR(%1) w<1,27>0
14 =
0 otherwise
0.21 X &5 X foar (ua) x (1= ) x fr (31) u>1,8 <1
Ais =1 021 X &4 X four (ug) ¥ (1 - 5) X fr(d1) u<1,2 >0
0 otherwise
R 5141412 o2:55x 2T +1.2xd
Am{(fgx(ul)xxgx( 1+ )41_661 2 u>1
N 26.941 —20.63 e13.45><i —20.6321
—Oflgx(l—u)xmx( L 0)9992 : u<l
Ay = —ﬁ
o — —0—13><(u—1)><f,;(£1) U>1,5Ii’1<1
23 =
0 otherwise
Aos — 0—13><(1—u)><f3(i1) u§1,£1>0
24 =

0 otherwise
(5.27)

The above continuous-time system can be discretized via Euler discretization as follows.

The step size T is set as 0.01s.

A, =I1+T,A
B, =T.B (5.28)
Cp=C

Therefore, the extended Kalman-filter for the TWC model is implemented as: Predic-

tion Cycle:

Predicted state estimate: Ty i, = &5 + Tszi’k|k
(5.29)
Forecast error covariance: Py, = AkPkAz + N
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Filtered Cycle:

EKF gain: Lyt1 = Py CkTH (Rk+1 + CICT+1Pk+1|k Ck+1)
Updated state estimation: Zpi1jk4+1 = Zrg1p + Lt (ka — Ckﬂy?:kﬂ‘k) (5.30)

Posterior error covariance: P11 = (I — Lj41Chq1) Posajk

Per Fig. 5.2, the EKF is used in the FOS estimator. The input signal engine-outlet A,
and disturbance input signal W,;, (approximated by We,) are known to both of the TWC
model and the EKF. The EKF corrects the FOS estimation based on the difference between

the modeled A4, » and the actual sensor measurement g, ;.

5.5.2 Extended Kalman-filter Tuning

To tune the extended Kalman-filter, a drive cycle shown in Fig. 5.15 was run in the
reference model and the data was collected. The engine was operated at 1500 RPM and
300Nm torque. In the first 3000s, TWC1 inlet \,, was set as a sinusoidal signal with 0.04
amplitude, 0.4 rad/s frequency and 1 offset, i.e., Ay, = 14 0.04sin(0.4¢). Under this large
Aup oscillation, the TWC1 FOS kept varying within 0 to 1. This operation provided the
EKF with sufficient information to get converged model parameter estimations (o, ag,
and 1/C') based on the initial guess from the model calibration. A simple PI controller was
implemented in the reference model to track the FOS set points after the 3000s calibration
procedure finished.

Two different EKF implementation modes were considered. In EKF Mode 1, the EKF

used the same N for the entire drive cycle. In EKF Mode 2, the parameter updates of oy,
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Figure 5.15. : Drive cycle for EKF calibration (0 - 3000s for EKF calibration, 3000 - 28000s
for FOS estimation test)

ag, and 1/C turned off after the calibration was finished. For both of these two modes,

Ry = 0.1 during the entire drive cycle.

0.1 0 0 0 O
0 03 0 0 0
EKF Mode 1: Ny = —
ode 1: Ny = 75551 0 0 01 0 0
0 0 0O 01 O
0 0 0 0 50
Nt t < 3000s (5.31)
- 12
0.1 0 0 0 O
0O 03 0 00
EKF Mode 2: Nig =
oz 0 0 00 0 t > 3000s
0 0O 000
0 0O 0 00

Fig. 5.16 shows the FOS estimation performance for the drive cycle. Both the EKFs and
the model failed to estimate the FOS. Tuning the parameter N, made few effects on the
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estimation result. This issue was caused by an improper setting of the switching points of
Aup and Ag, in the control-oriented model. Per Fig 5.15, neither of these two A values crossed
1 during the FOS estimation test. The crossover point was 0.9944 for A,, and 0.9978 for

Adan- Therefore, the model is revised as follows:

0.21 % & x fuar(ua) x (1= 224) scay x fi (x) 0<z<1 and u>0.9944
# =19 0.21 X & X four(ua) (1—%) xapx fr(z) 0<z<1 and u<0.9944
0 otherwise
1 =21

u— (u—0.9978) x a, X fr () u > 0.9944

" u— (u—0.9978) X ar X fr(x) u<0.9944
(5.32)
and the augmented system (per equation (5.24)) is revised to:
0.21 X & X foar () x (1= 224) x5 5 f (21) u> 09944, 3 < 1
1= 021 X &4 X fuar (ua) x (1= 2224) X G x fr (21) w < 0.9944, 3 > 0
0 otherwise
i Lo (=g 4 u— (u—0.9978) X &5 x fr, (#1)] u > 0.9944 (5.33)
L5 (=g 4 u— (u— 0.9978) X &4 x fr(#1)] u < 0.9944
&3=0
Z4=0
by =

The Jacobian matrix A (per equation (5.27)) is also re-calculated based on the revised model.
This tuning operation could be used to deal with the A sensor offset.

Fig. 5.17 shows the FOS estimation performance after resetting the crossover points of
Aup and Ag,. Same Nj and Ry were used for the EKF. It can be seen that both the model
and the EKF started to work after this revision.
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Figure 5.16. : FOS estimation performance

5.5.3 Extended Kalman-filter Testing

To test the EKF estimation performance, a drive cycle (per Fig. 5.18) with oscillated FOS
set points was performed on the reference model and the data was collected. A PI controller
was implemented to control the TWC1 FOS by manipulating the commanded engine \,,.
The engine was operated at 1500 RPM and 300Nm. Fig. 5.19 and 5.20 show the operating
points on the model plant. With a larger FOS oscillation, the commanded and actual TWC1
inlet \,, oscillations are greater.

Fig. 5.21 shows the estimation performance of the EKF and the model. Compared to
the model estimation, both EKF Mode 1 and EKF Mode 2 have some improvements. EKF
Mode 1 has a better overall estimation performance than EKF Mode 2. Fig. 5.22 shows a
100s zoomed plot of the estimation performance for each FOS amplitude. During 14900 -
15000s when the desired FOS oscillates within 0.4 to 0.6, EKF Mode 2 fails to estimate the
FOS while EKF Mode 1 still has a good prediction. However, EKF Mode 1 tends to have
some divergence issues for the parameter 1/C estimation at the last step when the desired
FOS is a fixed point (per Fig. 5.23). Considering the fact that the change of TWC capacity

is a long-term aging issue, the update of the parameter 1/C' is turned off after the calibration
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Figure 5.17. : FOS estimation performance after resetting the A\ crossover points

finishes for the EKF implementation. That is to say, Nk(5,5) is set as 0 after the calibration

procedure.

5.6 Robust Controller Design

A robust MISO controller is designed for the TWC to control the FOS by manipulating
the desired engine . Fig. 5.24 shows the control block for the robust controller. The robust
controller is designed based on the framework developed in Chapter 4. The robust controller
has five inputs, the desired FOS (FOSges), EKF estimated FOS (FOSey), measured TWC
downstream A (Agy ), measured engine-out air flow rate W,;, (approximated by the exhaust
flow rate We,s), and measured TWC upstream (engine-out) A (Aypm). Four error/uncertainty
blocks, inner AFR control error, upstream A sensor error, TWC model uncertainty, and
output measurement errors, are considered in the robust controller. Fig. 5.25 shows the
general control configuration for the TWC FOS control. The perturbed closed-loop system
has three exogenous inputs, the sensor noise n (including the TWC upstream A sensor noise
nyo and downstream sensor noise ng), the disturbance input (W) and the reference input
(FOSgs). The two exogenous outputs of the closed-loop system are the weighted output

performance (FOS control error) and the weighted input performance (desired engine \).
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Figure 5.18. : FOS estimation performance after resetting the A crossover points
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Figure 5.19. : Operating points for EKF testing (3D)
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Figure 5.21. : FOS estimation performance for oscillated FOS set points
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Figure 5.22. : FOS estimation performance for oscillated FOS set points (100s zoomed)
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Figure 5.23. : Parameter estimation performance for oscillated FOS set points
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Figure 5.25. : General control configuration for TWC FOS
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5.6.1 Inner AFR Control Error

The inner loop AFR control error is modeled by a first-order approximation:

= (1 Aung) (5.34)

where the time constant 7,4 is approximated by 0.05s and the frequency-shaped uncertainty
Aepyg is:

1

Aepg = 0, where—1 <0 <1 (5.35)

i
s0x001°5 T

where the engine A control error is within 0.001 at steady-state and is 0.01 when the frequency

is higher than 20rad/s.

5.6.2 Upstream \ Sensor Error

The upstream A sensor dynamics is modeled by a first-order approximation:

S Xup.act
Oty = — + Wiy 5.36
Y T)\UPS + 1 + Mo ( )

where the time constant 7,,, is 0.3s and the noise shaping function W, is:

(ﬁs + 1) (21—13 + 1)
(%s + 1) (%S + 1) (s%s + 1) (ﬁs + 1)

Wi = 0.024 (5.37)

5.6.3 TWC Model Uncertainty

The model uncertainty block includes the parametric state-space uncertainty (Ap,Ap,
and A¢) and multiplicative output uncertainty. The parametric uncertainty is to account

for the uncertain parameters in the state space model and is expressed as:

67ss = Cp(sI — A)"'Byou 4 Cp(sI — A) " Byydiig (5.38)
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where B,q4, B, and C, are the normalized perturbed state space matrices derived from the
model in equation (5.14):

B, = B(weue + Au, uge + Auyg)
By

Bd(xe,ue + Au, uge + Auyg) (5.39)

Qi

p = C_’(xe,ue + Au, Ude + AUd)

The multiplicative output uncertainty A, is to account for the uncaptured dynamics of
the state-space model:

59 = (14 4,) 07, (5.40)
5.6.4 Output Measurement Errors

The output measurement errors are expressed as:

_ ] _
OYm = oyAs + W, )
Y S +oyAs + Wang (5.41)

where 7, is the time constant, Ay is the measurement bias error, W, is the noise shaping
function and ng is noise.

For the FOS estimator, the first-order dynamics and the shaped noise are ignored, i.e.,
Ty, = 0 and W, = 0:
5@1,771 = (]- + Asl) 6@1

(5.42)
Ag, = 0.1, where —1 <6 <1

For the TWC downstream A sensor, the measurement bias error is ignored, i.e., Ay, = 0:

oo = Ty:lgi 1 + Waatto

o (e +1) (G + 1) (5.43)
W, = W = 0.024 (%s + 1) (gs + 1) (%s + 1) (1503 + 1)
Ty, = 0.35
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5.6.5 Weighting Function
Output Weighting Function

The following second-order output weighting function is used to shape the FOS control

error in the frequency domain:

s -+ * 2

W, = (VM “ o ) (5.44)
P *
s+ wpVvA

where M* is the maximum error at high frequencies, A* is the steady-state error and w* is

the frequency where error reaches 100%. The values of these three parameters are listed as

follows:
M =1
A*=0.3 (5.45)
w'=1 rad/s

The inverse of W), (Wp_l) shown in Fig 5.26 represents the shaped upper bound of the

FOS control error.

Magnitude (dB)

_12 1 1 1
102 107! 100 10° 102
Frequency (rad/s)

Figure 5.26. : Bode plot of the output weighting function inverse
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Input Weighting Function

The input weighting function W, is used to set the physical limits of the controlled input.
W, is modeled as a first-order high-pass filter in the following format:

TuS + 1
00 T
where 7, is the actuator response time.
For the commanded engine A\, W, is:
S + 1
W, =-3—— (5.47)
3300 T 1

The inverse of W, (W, ') is shown in Fig 5.27. The commanded engine \ is penalized
by a factor of 0.01 at high frequencies.

N
o
T

-20

25

Magnitude (dB)

-30 [

-35

_40 L 1 1
10° 10" 102 10° 10* 10°
Frequency (rad/s)

Figure 5.27. : Bode plot of the input weighting function inverse
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Figure 5.28. : The Hankel singular values of the original synthesized controller

Disturbance Weighting Function

A disturbance shaping function Wy is used to identify the bandwidth of the disturbance
input Wi,:
g

Sty = —2 4
Ug a5 + 1 (5 8)

where du49 denotes the normalized disturbance input. The time constant 7, is 0.05s.

5.6.6 Transfer Function of the Robust Controller

The robust controller is computed based on the p-synthesis method. The toolbox “dksyn”
for performing DK-iteration in MATLAB is used for the controller synthesis.

Fig 5.28 shows the Hankel singular values of the original synthesized MISO controller.
The Hankel singular values can be used to quantify the importance of each state in the
corresponding input—output map and it is a useful tool for model reduction of the linear
system[75]. For the robust controller, 8 states are selected to reduce the controller order.
Fig. 5.29 shows the comparison of the original high-order controller and the simplified con-

troller.

211



From: Wair Frofiti From: FOSest From: )\dn‘m From: )\up‘m
200
% 4 0 7/\ _/\ —/\
8 Z
S _/\
= .. -200
=
g e Original Robust Controller (order = 25)
= -400 Simplified Robust Controller (order = 8) _/\\
10° 10° 10° 10° 10° 10° 10° 10° 10° 10°
Frequency (rad/s)
From: Wair From: r From: FOSest From: )\dn.m From: /\up
720
g % 360
2 ’fj —/\/
£f NN T N
-360
10° 10° 10° 10% 100 10° 10° 10° 10° 10°
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5.7 Otto FTP Cycle Emission Testing

A cold start and a warm start Otto FTP cycle tests (per Fig. 5.30) are performed on
the reference model in SIMULINK to evaluate the emission reduction performance of the
proposed algorithm. The reference SIMULINK model has a pre-existed AFR controller and
incorporates the AV, TWC model. It is calibrated based on the experimental data and
serves as a virtual test benth. Per Fig. 5.30, the lower bound of the torque command is 0.
That is to say, the fuel cut-off events are not included in this test.

4000 Englng Speed

82000 r g

Engine Torque (Set Point)

400 - y

0 1 |
0 200 400 600 800 1000 1200
Time(s)

Figure 5.30. : Otto FTP cycle

5.7.1 Simulation Setups

The pre-existing inner loop AFR controller is used to control the engine A based on
the commanded engine \. A UEGO sensor is placed upstream of the TWC1 and an EGO
sensor is placed downstream of the TWC1. The response times of both the UEGO and EGO
sensors is 0.3s. The TWC2 is not controlled and used as a passive TWC. The emissions are
measured at the TWC2 outlet.

A first-order dynamics block is added to the engine-out (TWC upstream) A measurement

to simulate the UEGO sensor dynamics. A A-voltage conversion table block converts the
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TWCI1 downstream A to voltage based on the sensor voltage curve (per Fig. 5.31). The volt-

age signal is filtered by a first-order transfer function block to simulate the sensor dynamics.

35
3
25
2
(0]
()]
8
515
S
]
05
0
0.5 0.6 0.7 0.8 0.9 1 11 12 13
A

Figure 5.31. : HEGO voltage vs. A

Three different control strategies are tested for emission comparisons. Strategy 1: Con-
stant A Control For the constant A control strategy (per Fig. 5.32), only the inner loop
AFR controller is used. Three different A set points, 0.99, 0.9944 and 1, are tested. This

control strategy is used as the baseline for the emission comparison.

Inner Loop Control

e A

i ; Aup ,fl 7l ldnz
Desired A AFR : ] S | o

| Controller [ Engine _’D ' 2 |2

{(pre-existed)| UEGO N

other information

Figure 5.32. : Constant A Control Strategy Diagram

Strategy 2: Inner Loop AFR Control + Binary Outer Loop Control In this
control strategy, both the inner loop AFR controller and the switch-type A sensor-based
outer loop controller are used (per Fig. 5.33). The inner loop controller is the same controller

used in Strategy 1. Instead of a constant A set point, the desired A is controlled by the outer
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loop controller. The TWC1 downstream HEGO sensor voltage is mapped to the A value via
reverse table look-ups. The outer loop controller switches the output command based on the
mapped TWC1 downstream HEGO signal and the set point. If the mapped HEGO signal
is less than the set point (Ag,; > 0), the outer loop controller reduces the constant engine
command A,.¢ set point by K, otherwise it increases ..y by K,. This control strategy is

used as an advanced baseline for emission comparison.

Inner Loop Control

_________________________ A
i | Aup +d wl Adnz
Desired A ! AFR ' - o [l
: : Engine e
; Controller [ g - 2 |2
! . ! (==
! —((pre-existed) ! UEGO
i i HEGO
1 i _cﬁth_e-r information
Mapped A4, :
- 1" HEGO ;
AAgyy >0? « ’ i
+ mapping i

Agn1 Set Point i

Outer Loop Control

Figure 5.33. : Inner AFR Control + Binary Outer Loop Control Strategy Diagram

Strategy 3: Inner AFR Control 4+ Robust Outer loop Control with EKF  Sim-
ilar to Strategy 2, the two-loop control structure is also used in this control strategy (per
Fig 5.34). In this control strategy, the outer loop controller consists of the FOS estimator
and the robust controller. The FOS estimator consists of the TWC model and the EKF. The
robust controller controls the TWC1 FOS by manipulating the desired engine A\. The same
HEGO signal mapping method as Strategy 2 is used in this control strategy. The engine-out

exhaust air flow rate is approximated by the exhaust flow rate.
5.7.2 Cold Start Otto FTP Cycle
Strategy 1

Fig. 5.35 shows the emission comparison for different desired A set points in Strategy

1. It can be seen that the richest A\ set point (Ags = 0.99) has the lowest NO whereas it
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Figure 5.34. : Inner AFR Control + Binary Outer Loop Control Strategy Diagram

results in the highest CO emission. On the contrary, the stoichiometric set point (Ages = 1)
has the lowest CO emission whereas it results in the highest NO emission. Considering the
overall performance, 0.9944 is the best set point for Az, and this case is used as the emission
baseline.

Fig. 5.36 shows the TWC1 temperature, A, and TWC1 average FOS for setting \ges =
0.9944 during the cold start Otto FTP cycle test. The desired engine A is fixed at 0.9944 for
the entire drive cycle. For the first 350s, the TWC1 temperature is lower than 700K and the
TWC1 FOS remains around 1. When the TWC1 is warmed-up, the TWC1 FOS starts to
oscillate. Fig 5.37 shows the instantaneous emissions for Strategy 1. For the first 350s, the
CH,4 has bad emission reduction performance. Large NO peaks in TWC2 outlet are observed

around 350s, 500s, 650s and 700s, when the engine has transient operations (per Fig 5.30).

Strategy 2

Compared with Strategy 1, Strategy 2 has a two-loop control structure. Fig 5.38 shows

the emission comparison for different K, in Strategy 2. Kp = 0.04 has the best overall
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Figure 5.35. : Cold start Otto FTP cycle cumulative emissions for Strategy 1

emission control performance. Therefore, Kp = 0.04 in Strategy 2 is used as an advanced
baseline for the emission comparison.

Fig. 5.39 shows the temperature, A and TWCI average FOS for Strategy 2 when K, =
0.04. For the first 400s, the TWCI1 is operated at lean conditions and there is few oxygen
stored in TWC1. The controlled engine-out A (\,,) oscillates more frequently for the first
400s compared to the later time period when TWCI1 gets hotter. After 400s, the TWC1
FOS oscillates between 0 and 1 with the controlled A, excitation.

Fig. 5.39 shows the instantaneous emissions for Strategy 2. For the first 400s, there is
almost no emission reduction for CH, or NO. Large NO spikes are observed during 400 —
600s when the engine has transient operations. Per Fig. 5.30, the desired engine torque
varies within 0 — 450Nm and the speed varies within 800 — 3000 RPM aggressively during

this period.

Strategy 3

Fig 5.41 shows the comparison of cumulative emissions for different FOS set points in
Strategy 3. When FOS is set within 0.4 to 0.6, better emission reductions can be achieved

compared with other FOS set points.
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Figure 5.36. : Cold start Otto FTP cycle for Strategy 1 (Ages = 0.9944)

Fig. 5.42 shows the temperature, A and TWC1 average FOS for Strategy 3 when desired
FOS = 0.4. For the first 50s, the desired A is set as a constant value 0.9944. The EKF
and the robust controller take over at 50s. For the first 400s, the controlled FOS in TWC1
oscillates aggressively between 0 and 1. The output of the outer loop controller, the desired
engine \, has larger oscillations during the first 400s compared to the later time period when
TWC1 gets hotter.

Fig. 5.43 shows the instantaneous emissions for Strategy 3 when desired FOS = 0.4. The
NO is immediately reduced after 50s in this control strategy and there are no NO emission
spikes observed during the entire Otto FTP cycle even when the engine undergoes transient

operations. CHy is also reduced during the first 400s.

Comparison for Three Control strategies

Fig 5.44 shows the comparison of cumulative emissions for different control strategies.
Compared with the baseline (Strategy 1), the best case in Strategy 2 (K, = 0.04) reduces CO
by 27.5% and NO by 19.5% whereas CH, increases by 3.8%, respectively. For the best case
in Strategy 3 (FOS = 0.4), NO can be greatly reduced by 76.4% and CHy4 can be reduced
by 24.1% with a very small increase of CO. Compared with the advanced bassline (Strategy
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Figure 5.37. : Cold start Otto FTP cycle instantaneous emissions for Strategy 1 (Ages =
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2), the proposed Strategy 3 has 28% and 57% improvements in CHy and NO reductions,
respectively, for the cold start Otto FTP drive cycle.
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Figure 5.38. : Cold start Otto FTP cycle cumulative emissions for Strategy 2
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Figure 5.40. : Cold start Otto FTP cycle instantaneous emissions for Strategy 2 (Kp

0.04)
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5.7.3 Warm Start Otto FTP Cycle
Strategy 1
Fig. 5.45 shows the emission comparison for different desired A set points in Strategy 1

for the warm start Otto FTP cycle. Similar to the cold start cycles (per Fig. 5.35), the best

overall performance is achieved when the desired engine A is 0.9944.
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Figure 5.45. : Warm start Otto FTP cycle cumulative emissions for Strategy 1

Fig. 5.46 shows the TWCI1 temperature, A, and TWC1 average FOS for setting Ages =
0.9944 during the warm start Otto FTP cycle test. The desired engine A is fixed at 0.9944
for the entire drive cycle. The initial temperature is 800K. Unlike the cold start cycle (per
Fig. 5.36), the FOS oscillates around 0.4 for the first 400s. When the engine has transient
operations during 500 — 800s (Per Fig. 5.30), there are large FOS oscillations in TWCI.
Fig. 5.47 shows the instantaneous emissions for Strategy 1. Both CH, and NO are greatly

reduced compared to the cold start cycle.
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Figure 5.46. : Warm start Otto FTP cycle for Strategy 1 (Ages = 0.9944)

Strategy 2

Fig 5.48 shows the emission comparison for different K, in Strategy 2 during the warm
start Otto FPT test. Similar to the cold start test (per Fig. 5.38), Kp = 0.04 has the best
overall emission control performance.

Fig. 5.49 shows the temperature, A and TWCI average FOS for Strategy 2 when K, =
0.04. Unlike the cold start test (per Fig. 5.39), the TWC1 FOS oscillates between 0 and 1
during the entire test. The command of the outer loop controller (desired A) has smaller
oscillations in this warm start test compared to the cold start test (per Fig. 5.39). Fig. 5.49
shows the instantaneous emissions for Strategy 2. There are small spikes of TWC2 outlet

CH,4 and CO. No spike of TWC2 outlet NO is observed over the entire test.

Strategy 3

Fig. 5.51 shows the comparison of cumulative emissions for different FOS set points in
Strategy 3 during the warm start Otto FTPP test. Similar to the cold start test, better

emission reductions can be achieved when FOS is set within 0.4 to 0.6.
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Figure 5.47. : Warm start Otto FTP cycle instantaneous emissions for Strategy 1 (Ages =
0.9944)

Fig. 5.52 shows the temperature, A\ and TWC1 average FOS for Strategy 3 when desired
FOS = 0.4. The TWC1 FOS has smaller oscillations for the first 400s compared with the
cold start cycle test (per Fig. 5.42). Fig. 5.53 shows the instantaneous emissions for Strategy
3 when desired FOS = 0.4 during the warm start test. The NO emission is greatly reduced
for the first 100s compared with the cold start test (per Fig. 5.43). There is also large

improvement in the CH, emission.
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Figure 5.48. : Warm start Otto FTP cycle cumulative emissions for Strategy 2
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Figure 5.49. : Warm start Otto FTP cycle for Strategy 2 (Kp = 0.04)

226



=3 —Engine-ou
§2 *'IE'V\?C;(;uttlet
o1
O
0
. 3000 T T T T T
€
Q— 2000 - 7
¥ 1000 1
®] 0 A ) A s I |
5000
€
g
@]
z m gl oy HM. IMMMM A
200 400 1000 1200
T|me (s)

Figure 5.50. : Warm start Otto FTP cycle instantaneous emissions for Strategy 2 (Kp =
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Comparison for Three Control strategies

Fig. 5.54 shows the comparison of cumulative emissions for different control strategies
during the warm start test. Compared with the constant A control strategy (Strategy 1),
the best case in Strategy 2 (K, = 0.04) reduces CO by 20.6%, CH4 by 35.5% and NO by
97.6%. For the best case in Strategy 3 (FOS = 0.4), there is 29.2% reduction in CO, 37% in
CH4 and 97.5% in NO compared with the baseline. Compared with the advanced baseline
(Strategy 2), the proposed Strategy 3 has similar NO reduction performance and further
reduces CO and CHy by 10% and 1.5%, respectively, for the warm start Otto FTP drive

cycle.
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Figure 5.54. : Cold start Otto FTP cycle cumulative emissions for all three strategies

5.7.4 Summary

A two-loop estimation and control strategy is proposed to reduce the emission of the
three-way-catalyst (TWC). In the outer loop, an FOS estimator consisting of a TWC model
and an extended Kalman-filter is used to estimate the current TWC fractional oxygen state
(FOS) and a robust controller is used to control the TWC FOS by manipulating the desired

engine A. The outer loop estimator and controller are combined with an existing inner loop

229



controller. The inner loop controller controls the engine A based on the desired A\ value and
the control inaccuracies are considered and compensated by the outer loop robust controller.
This control strategy achieves good emission reduction performance and has advantages over

the constant A control stratagy and the conventional two-loop switch-type control strategy.
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6. SUMMARY AND FUTURE WORK

6.1 Summary

In this thesis, a physically-based, control-oriented model was developed for turbo-charged
SI engines utilizing cooled EGR and flexible VVA systems. The model includes the impacts
of modulation to any combination of 11 actuators, including the throttle valve, bypass valve,
fuel injection rate, waste gate, HP EGR valve, LP EGR valve, number of firing cylinders,
intake and exhaust valve opening and closing timings. Incorporated with the cylinder-
out composition sub-model and the turbine-out pressure sub-model, the control-oriented
model is capable of capturing the dynamics of pressure, temperature and gas compositions
in manifolds and the cylinder. The control-oriented model supports the development and
application of estimation and control strategies to improve engine performance.

A simultaneous, coupled sensor selection and observer design algorithm was developed
for the air handling system of turbo-charged SI engines utilizing cooled EGR. The goal of
this algorithm is to definitively, and accurately, determine the tradeoff between the necessary
sensor number and intake manifold oxygen fraction. The strategy uses H, optimization and
accounts for both process and measurement noise. The implemented cost function consists of
the Hy norm of the observer error and the weighted [; norm of the observer gain. A method
to estimate the modeling errors based on the comparison of reference data and modeling
data was proposed and allowed to be implemented in the state-space format, enabling the
application of the sensor selection framework on actual physical systems.

A co-design algorithm for both sensor system and controller designs was developed. The
goal of this algorithm is to evaluate the tradeoff between the performance objective and the
sensor characteristics. This algorithm uses the p-synthesis method to compute the struc-
tured singular value p while synthesizing a linear H,, controller, for a given sensor set. The
robustness of the closed-loop control performance can be evaluated by the p value. The algo-
rithm was applied to a turbo-charged SI engine utilizing LP EGR and flexible VVA systems
to select proper sensor sets and design robust controllers for controlling stoichiometric AFR
and air/EGR paths. A method to estimate the model uncertainty in the frequency domain

was developed and implemented for the SI engine in this framework.
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A two-loop estimation and control stratagy was proposed to reduce the emission of the
three-way-catalyst (TWC). In the outer loop, an FOS estimator consisting of a TWC model
and an extended Kalman-filter is used to estimate the current TWC fractional oxygen state
(FOS) and a robust controller is used to control the TWC FOS by manipulating the desired
engine X. The outer loop estimator and controller are combined with an existing inner loop
controller. The inner loop controller controls the engine A based on the desired A\ value and
the control inaccuracies are considered and compensated by the outer loop robust controller.
This control strategy achieves good emission reduction performance and has advantages over

the constant A control stratagy and the conventional two-loop switch-type control strategy.

6.2 Future Work

Future work should extend the TWC oxygen storage level estimation and control to
include the adaptive updating of the process noise in the EKF to achieve more accurate FOS
estimation results. The current process noise in EKF is tuned based on the simulations and
remains constant over the entire drive cycle test. A more accurate FOS estimator would
assist the robust controller to further reduce the emissions. Additional analysis of the FOS
estimator dynamics should be performed and incorporated in the robust controller design
to achieve better emission reduction performance. Additional work should also focus on
including the fuel cut-off events in the emission test. The current drive cycle test limits
the minimum torque as zero and does not consider the motoring period. This work should
proceed by improving the reference engine and TWC model to introduce the fuel cut-off

events.
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A. NONLINEAR ENGINE MODEL

The nonlinear engine model is developed based on Chapter 2.

Pbm = ’Yb% ° [WcompTcac - WthrTbm - Wbyprm]
- imRim
.132 Rm - 7 Vi [WthrTbm - chlﬂm]
- emRem
xs Pem = il v [chloutTcylaut - WtuTbTem - ngTem]
Ty = Tbm = Pb Vb [Wcomp(’ycacTcac - Tbm) - (Wthr + Wbyp)(’ymebm -
. R, T,
Ty ﬂm - PV [Wthr(’ymebm - lem) - chl(’yimirim - lem)}
r RemTe
Tg Tem - PV [chlout (chloutTcylout - Tem) - (Wturb + ng)(’yemTem -
e Zturb - Zcomp
S
. - Ry Tom
Trg = Fub,bm - P: ‘/: [I/‘/vinlez‘,(1 - Fub,bm) + Wegrl(Fub,em - Fub,bm)]
. Ry Ty
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B. UNKNOWN DISTURBANCE ESTIMATION

Table B.1. : Unknown Disturbance Estimation

Skewness Kurtosis ..

State m 2 M g Correction Correction Bu(i.1)
T 0.280  -1.27  8.2led 2995 eq. (3.25a) eq. (3.27) 2.73e5

To -0.0745  -1.57 -8.27e4  2.1leb eq. (3.24) eq. (3.27) 3.31eb

vs  -0.0045 -0.413 -1.20¢5 1.99e5  eq. (3.24) / 1.99¢5

24 -0.309  -1.41 -26.9 276.0 eq. (3.25a) eq. (3.27)  350.0

vs 00777 155 471 1210 eq. (3.24)  eq. (3.27)  187.0

vs  -1.6le-3 -1.65 -818.0 2011.0 eq. (3.24) eq. (3.27) 3322.0

T7 -0.576  -0.75  3.55e5  9.81eb  eq. (3.25b) / 1.34€6

X 0.533 -0.832 0.184 0.249  eq. (3.25a) / 0.0651

Zo -0.533  -0.832 -0.184 0.248  eq. (3.25a) / 0.0636

Z10 698 763 1.05e-4 0.00724 eq. (3.25a) / 7.14e-3

11 698 763 -1.05¢-4 0.00724 eq. (3.25a) / 7.14e-3
19 3.06e-3 -0.625 -1.11e-4 5.56e-4 eq. (3.24) / 5.56e-4
13 -3.06e-3 -0.625 1.1le-4 5.56e-4 eq. (3.24) / 5.56e-4

T14 - T2 / / / / / / 0
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