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Abstract—This paper addresses the challenge of controlling an
overactuated engine thermal management system where two ac-
tuators, with different dynamic authorities and saturation limits,
are used to obtain tight temperature regulation. A modular control
strategy is proposed that combines model predictive control allo-
cation (MPCA) with the use of an inner loop reference model. This
results in an inner loop controller that closely matches a dynamic
specification for input-output performance while addressing actu-
ator dynamics and saturation constraints. This paper presents the
design and implementation strategy and illustrates the effective-
ness of the proposed solution through real-time simulation and ex-
perimental results.

Index Terms—Automotive control, decentralized control, model
predictive control (MPC), powertrain control.

I. INTRODUCTION AND PROBLEM FORMULATION

M ANY applications involve overactuated systems, in
which the number of control inputs exceeds the number

of outputs that are being controlled to a setpoint. This setup
provides control engineers with additional opportunities that
would not otherwise be present in a “square” system (one
with the same number of inputs as outputs). However, it is
often the case that other performance considerations, such as
transient performance and system efficiency, motivate, justify,
and sometimes even mandate overactuation. Hence, the optimal
control of overactuated systems represents an important topic.
In particular, it is of great interest to consider control strategies
that optimize performance in the presence of overactuation and
constraints, and can be implemented with available computa-
tional resources.

This paper considers an overactuated engine thermal man-
agement system. The system, shown in Figs. 1 and 2, is used
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in engine testing in order to provide tight control of oil tem-
perature at the engine outlet (a similar system to that of Fig. 1
exists for engine coolant; this paper restricts its study to the oil
system). The system consists of a heater, heat exchanger, and
mixing valve, which are all housed in a compact cabinet that
is connected via flexible piping to the engine block. Flow is
generated through the engine oil pump, which delivers a flow
rate that is proportional to engine speed (hence, flow rate cannot
be adjusted freely over the course of an experiment). While the
system is designed to control a single temperature (engine outlet
temperature), its two actuators (the mixing valve and heater)
both serve important purposes. The heater is needed to provide
auxiliary heating at low speeds and loads, but acts as a slow
source of actuation compared to the mixing valve, which can
deliver a temperature change to the engine inlet very quickly.
Both actuators possess hard saturation limits, and actuator satu-
ration constraints are often active during operation. Given these
characteristics, it is desirable to pursue a control strategy that
coordinates the two control inputs in order to optimize perfor-
mance while considering the dynamic authorities and satura-
tion limits of the actuators. One key feature that is common to
most overactuated systems, including the thermal management
system studied here, is the presence of a signal that characterizes
the overall effect of many actuators. This signal acts as a “virtual
control” to the plant dynamics. For a multi-input, single-output
(MISO) system, the following representation can be used to de-
compose the system into two subsystems after introducing the
virtual control input

(1)

where , , , and represent the control
inputs, the disturbance inputs, the performance output, and the
virtual control input, respectively. represents the plant
states, which are driven by the virtual control input, , whereas

represents the actuator states, which are driven by the
real control inputs, . , with , represents the
subset of plant states that affect the actuator dynamics. The real
control inputs, , affect the plant states only through the virtual
control input, . The thermal management system can be cast in
the form of (1) by taking the virtual control input ( ) to be the
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Fig. 1. Thermal management system diagram for the oil circuit, which will be
the primary circuit under consideration in this paper. The layout of the coolant
circuit is identical to that of the oil, although the various components are sized
differently for engineering purposes.

Fig. 2. Heater, heat exchanger, and mixing valve, which are housed in a unit
separate from the engine.

mixing valve outlet temperature, where the performance output
( ) is the engine outlet temperature. For the thermal manage-
ment system, disturbances come in the form of heat rejection
through the engine block and variations of the temperature of
the cooling water that is fed through the heat exchanger.

Remark 1.1: The primary topic of interest in this work will
be setpoint tracking, with these disturbance values held constant
and therefore taken as parameters. However, because many im-
portant test cell thermal management applications require the
temperature to be held constant in the presence of engine load
changes, this disturbance case will be treated in the Appendix.

The introduction of the virtual control input enables control
designers to pursue a modular control strategy, as depicted
in Fig. 3 (where the objective is to have track a setpoint,
), which divides one large control design task into two less

complex design tasks. Here, an outer loop controller determines
a desired virtual control input, , and an inner loop control
allocation determines the real control inputs, , that will be ap-
plied to the actuators in order to achieve close tracking of .
Since and there are no constraints on the virtual control
input, the outer loop controller is single-input, single-output
(SISO), and its design need not consider input constraints.
On the other hand, the inner loop control allocation considers

Fig. 3. Block diagram of the overall system under a modular control strategy.

both overactuation and actuator saturation constraints. It is at
the inner loop control allocation level where the optimization
of control inputs takes place. Thus, by pursuing a modular
control strategy, the optimization of control inputs only needs
to consider a subset of the full set of system states, thereby sim-
plifying the optimization from what would be required under
a centralized control strategy. For the thermal management
system, the virtual control input is selected as the oil temper-
ature at the outlet of the mixing valve. This virtual control
input is conveniently located at the junction between the fluid
conditioning system and the engine block, making the modular
control strategy extremely attractive from a practical perspec-
tive. Given the non-negligible actuator dynamics in the thermal
management system, this paper considers a dynamic control al-
location problem (as opposed to earlier static control allocation
problems [1]–[5]), as addressed in [6]–[10]. [7]–[10] employ
a particularly attractive dynamic control allocation strategy,
known as model predictive control allocation (MPCA). MPCA
optimizes control inputs over a receding horizon in order to
track the desired virtual control input closely while simultane-
ously considering actuator saturation constraints and actuator
dynamics.

In the literature, various methods have been employed in an
attempt to seamlessly integrate the outer and inner loops, in-
cluding performing an inner loop “target state” calculation as in
[6] and [8], [9], and employing a multi-rate control strategy [11]
where the inner loop is updated at a faster rate than the outer
loop. In spite of their different approaches, these methods are
unified in their attempt to obtain tracking of . Practicality of
both the target calculation or multi-rate approach is contingent
on sufficient time scale separation between the inner and outer
loop dynamics, which often renders dynamic control allocation
unnecessary in the first place.

This work proposes an alternative modular design and inte-
gration approach, which relies on an inner loop reference model
that captures the desired inner loop input-output performance.
An appropriately designed reference model describes inner loop
input-output behavior that is achievable in the absence of satu-
ration constraints, but may not be achievable when these con-
straints are active. The reference model-based inner loop de-
sign was used successfully in [12], where a closed form inner
loop controller was employed. This work expands significantly
upon the results from [12], combining the concepts of reference
model-based control design with MPCA, which allows one to
explicitly consider constraints in order to track the output of the
reference model closely when constraints are active. Simulation
and experimental results on the thermal management system
will show the specific benefit of incorporating a carefully de-
signed reference model.
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TABLE I
MODEL VARIABLES

This paper is organized as follows. Section II describes the es-
sentials of the thermal management system along with an anal-
ysis of important system characteristics. Section III provides
a detailed description of the modular design framework and
the proposed MPCA structure. Section IV shows the applica-
tion of the design process on the thermal management system,
and Sections V and VI present real-time simulation and exper-
imental results, respectively. Conclusions and future work are
given in Section VII.

II. THERMAL MANAGEMENT SYSTEM MODEL OVERVIEW

The MPCA framework investigated in this paper requires a
control-oriented model of the thermal management system that
includes both plant and actuator dynamics. The analysis of this
model provides further justification for pursuing MPCA with a
modular control strategy. Readers are referred to [13] and [14],
which present the detailed model development that preceded
any control design, as well as information on the legacy con-
trol strategy that was used in the test cell before this work. This
section summarizes the model structure, with the specific equa-
tions provided in the Appendix. For model parameters, readers
are referred to [14].

In the thermal management system model, the plant and ac-
tuator states, , consist of temperatures, whereas the control
inputs ( ) consist of the mixing valve position and the power
supplied to the heater. Table I provides a list of all of the states
and inputs for the thermal management system, noting the re-
lationship between specific thermal management variables and
their “generic equivalents” that correspond to the variables in
Fig. 3. To be precise, mixing valve “position” refers to the ratio
of the flow rate through the heater to the flow rate through the
engine. The model is developed using thermodynamic first prin-
ciples that can be found in [15], with the following simplifying
assumptions:

A1) both coolant and oil have constant density and specific
heat;

A2) heaters and heat exchangers assume lumped parameters,
with no energy storage in the heat exchanger “core;”

A3) heater model assumes a single temperature state for the
heater coil, allowing for energy storage in the coil.

A4) engine model assumes two states for engine block tem-
perature, reflecting different temperature distribution
and heat rejection dynamics across the engine block;

A5) mixing valve assumes adiabatic mixing;
A6) heat losses in pipes are neglected.

All of these assumptions are standard for similar control-ori-
ented thermal system modeling. Additionally, model validation
has shown these assumptions to be valid for the particular
system studied in this work. Furthermore, analysis results in
[13] have shown that each circuit (coolant and oil) is reasonably
decoupled from the other, and control design and analysis
can be performed for one circuit by holding the engine outlet
temperature for the other circuit to a constant value that is
representative of normal operation. For the simulation and
experimental results in this work (with the exception of the
Appendix), setpoint tracking at constant speed, load, and
cooling water temperature will be considered, which implies
that and are constant.

Fig. 4 shows how each of the components of the system (heat
exchanger, heater, valve, and engine block) interacts with the
others.

III. REFERENCE MODEL APPROACH FOR MODEL PREDICTIVE

CONTROL ALLOCATION

This section describes the reference model based approach
for MPCA, including the design framework and detailed MPCA
formalism.

A. Modular System Representation With an Inner Loop
Reference Model

The reference model based approach relies on the use of an
inner loop reference model, which represents a design target
for the inner loop control designer and a design assumption for
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Fig. 4. Diagram of the signal flow between all of the interconnected subsystems
in the engine thermal management system. Note that the flow rates through the
heat exchanger and heater are functions of the valve position, �; hence, � ap-
pears as an input to both of these subsystems.

Fig. 5. Diagram illustrating the outer loop control design framework.

Fig. 6. Diagram illustrating the inner loop control design framework.

the outer loop control designer. With the reference model-based
approach, the control design is carried out as follows:

1) define a reference model that represents a desirable and
realistic performance target for the inner closed loop;

2) design the outer loop controller as in Fig. 5 with the as-
sumption that the inner loop behavior matches that which
is specified by the reference model;

3) for the inner loop control design, depicted in Fig. 6, instead
of focusing on driving to , design the inner closed
loop to minimize the error between and the output of the
reference model (with input ), which will be referred
to as .

While the first step is carried out prior to either the inner and
outer loop design, the second and third steps can be carried out
in parallel, by different designers. As one can see from Fig. 5, the
outer loop controller can be designed to achieve a combined ob-
jective, consisting of tracking of the setpoint, , and rejection of
the disturbance seen by , where (i.e., the error be-
tween the virtual control and the output of the reference model).
As in Fig. 6, the inner loop control design can be cast as a ref-
erence model matching design, where the consequence is that
asymptotically approaches zero. Without saturation constraints
and with appropriate assumptions on the actuator dynamics and
inner loop reference model, the well-known model reference
control approach, shown for example in [16], can be used to de-
sign a closed-form inner loop controller that achieves this inner

Fig. 7. Diagram of the system (1) recast for the reference model based design
framework. The figure also reflects the distribution of design tasks (separated
by dashed lines) between the inner and outer loop designs.

loop control objective. The objective of MPCA is to achieve this
objective closely in the presence of constraints, whereas closed-
form model reference control designs do not provide such guar-
antees. To integrate the inner and outer loop controllers devel-
oped by the reference model based design process, the following
non-minimal representation of the closed loop system is intro-
duced, which is depicted in Fig. 7:

(2)

(3)

where and denote the outer loop and inner loop sys-
tems with their corresponding controllers, and

, respectively. The states represent
those of the inner loop reference model, an identical copy of
which is embedded in each subsystem ( and ). This re-
flects the design principle that, even if the inner and outer loop
designs are carried out in parallel, knowledge of the reference
model is common to both designers. For analysis purposes, it
is assumed that the reference model states are initialized to the
same values in both copies. In (2) and (3), the states, and

are those of the closed-loop system, thereby also containing
controller states.

Given this design process, it is important to characterize what
constitutes a “desirable and realistic” reference model. While
the specific choice of reference model will depend on the appli-
cation at hand, the reference model should at a minimum have a
relative degree that is greater than or equal to the relative degree
from to , where the relative degree is defined as follows [17].

Definition 3.1: has (strict) relative degree from to ,
which is well-defined everywhere, if the following hold:

1) ;
2) .
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It should be noted that for an overactuated system (like the
thermal management system), is a vector, and
only one element of that vector needs to be nonzero for the
vector to be nonzero (which, in turn, implies that the relative
degree of the reference model corresponds to the lowest rela-
tive degree among all of the actuators). Without imposing this
relative degree requirement on the reference model, it becomes
impossible for the inner loop to match the behavior that is spec-
ified by the reference model under a causal controller.

B. MPCA and Predictor Structure

The purpose of the inner loop control allocation is to gen-
erate closed-loop behavior for that closely matches the inner
loop reference model in the presence of saturation constraints
and different dynamic actuator authorities. In order to do this,
the inner loop controller is formulated as a standard model pre-
dictive control problem, as described in detail in [18]. MPCA
considers an optimization in which the following cost function
is minimized over a receding horizon:

subject to the constraints

where

and is the length of the prediction horizon. The first element
of the optimal control sequence is implemented, and the opti-
mization is repeated at step . Thus, the MPCA control law
is

(4)

where

(5)

The notation (where could be replaced with other vari-
ables) denotes a prediction, rather than the actual value, and the
notation denotes the value at step , where the prediction,
or optimization in the case of , is being made at step .

The first term in the incremental cost,
, penalizes deviation

from the inner loop reference model, whereas the second can
be used to shape the response of the closed-loop system. The
optimization requires a prediction of ,
which is accomplished through an outer loop predictor,
specified by

Fig. 8. Diagram of the system (1) recast for the reference model based design
framework with inner loop MPCA.

(6)

Note that MPCA by its nature automatically derives a pre-
diction of the states over the receding horizon, i.e.,

, so there is no need for an additional inner loop pre-
dictor. The incorporation of an outer loop predictor results in
a modified system diagram, given by Fig. 8, which preserves
the structure of Fig. 7 but incorporates prediction of over
the full horizon. The design of this predictor is within the design
scope of the outer loop (hence, it lies within the dashed lines be-
longing to ), because it requires knowledge of the plant and
outer loop controller dynamics.

IV. APPLICATION OF MPCA TO THERMAL

MANAGEMENT-CONTROL DESIGN

Referring to the terminology and nomenclature introduced
in [13] and summarized in Section II, in Table I, the thermal
management system is cast in the form specified by (1). Taking
the virtual control input as the mixing valve outlet temperature,

, the plant states ( ) include the engine outlet temper-
ature, , and the engine block temperatures, . The
actuator states ( ) include the mixing valve outlet tempera-
ture, , the heat exchanger outlet temperature, ,
the heater outlet temperature, , the heater coil tempera-
ture, , and the cooling water temperature at the outlet of the
heat exchanger, .

The controller design is divided into three components,
namely the design of the inner loop reference model, the design
of the outer loop controller, and the design of the MPCA
optimization. In this application, achieving a settling time of
approximately 60 s (or as quickly as possible in low speed
and load conditions when 60 s is impossible due to limited
heater power), with minimal or no overshoot, is of paramount
interest. Following the design of the reference model and outer
loop controller, the performance of MPCA (or any inner loop
controller) can be evaluated by comparing the actual system
response with the ideal response that is achieved when the
reference model is matched exactly.
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A. Inner Loop Reference Model Design

Since the reference model represents a design target from the
inner loop perspective and a design assumption on the part of the
outer loop, the following properties describe an ideal reference
model.

• If the model of the actuator dynamics is perfect, then the
reference model can be matched (i.e., the inner closed loop
performance can be made equal to that of the reference
model, which will lead to asymptotically approach zero).

• The closed-loop system is robust to uncertainties with the
chosen reference model.

It can be easily verified that the first property requires that the
reference model has relative degree that is equal to or greater
than the relative degree of the actuator dynamics, from to .
The second property prohibits the use of overly aggressive refer-
ence models that pursue too high of an inner closed loop band-
width to ensure robust performance in the presence of uncer-
tainty. Additionally, since the introduction of a strictly causal
reference model introduces phase lag, a slow reference model
will typically lead to diminished phase margins, and, conse-
quently, deteriorated stability robustness. While the first prop-
erty can be verified at the outset of the design, the second re-
quires some engineering judgment, as the precise analysis of the
effects of uncertainty depends upon the actual outer and inner
loop controllers that are used.

Observing that the actuator dynamics have relative degree 1,
the simplest relative degree 1 reference model is chosen, namely
a first-order filter with time constant

(7)

For this reference model, the key is choosing such that
the reference model can be matched reasonably closely in the
presence of uncertainty and that the reference model does not
introduce excessive phase lag at frequency ranges of interest.

B. Outer Loop Control Design

The outer loop control design is conducted by replacing the
closed inner loop dynamics with and proceeding using linear
system design and analysis tools. Referring back to the outer
loop design framework shown in Fig. 5, it is clear that the ob-
jective of the outer loop controller is to achieve setpoint tracking
of and disturbance rejection of . In light of this fact, verifi-
cation of the outer loop controller performance can be obtained
through the following three means:

1) examining Bode plots from and to to verify outer loop
tracking and disturbance ( ) rejection performance;

2) examining the Bode plot from to , to ascertain
the phase margin;

3) examining simulation results that are obtained when the
inner closed loop is replaced with the reference model,
which gives a time domain interpretation of the content ex-
amined in (1).

Linear design tools (Root loci and Bode plots), as well as
simulations where the inner loop is replaced with , indicate
that a PI controller, given by

(8)

Fig. 9. Closed-loop dynamics from � (�) to � (�) when the inner
loop reference model is matched exactly.

(where the implementation sampling time is again 1 s) yields
desirable results, which are shown in Figs. 9–11. Figs. 9 and 10
verify system performance under the selected reference model,
comparing different reference model time constants, namely,

, 4 s, and 8 s, in addition to the reference
model . At this point, all choices of reference models
appear to work well with the chosen outer loop controller (8).
However, although seems to yield satisfactory perfor-
mance, it is impossible to match with relative degree 1 actuator
dynamics. A reference model with 8 s on the other hand,
can likely be matched closely, but yields very small phase mar-
gins, as exhibited in Fig. 11. Thus, simulation and experimental
results will consequently focus on reference models with
1 s and 4 s.

C. MPCA Optimization

Given a well-designed reference model and outer loop con-
troller, the objective of the inner loop MPCA is to leverage the
capabilities of multiple actuators (two, in this case) to drive to
the output of the reference model, . To set up the MPCA op-
timization, the cost function, horizon length, and optimization
algorithm must be selected.

For this application, the inner loop sampling time is taken as
1 s (same as the outer loop), with the cost function specified
by (4) with . The horizon length for the MPCA
optimization is chosen to be 30 s (30 steps), which is reflective
of the time constants associated with the inner loop reference
model as well as the heater and heat exchanger.

The online MPCA optimization used in this paper relies on
the computation of the sensitivity function, as in [19], which cap-
tures the sensitivity of the cost function to the control inputs.
This method has been shown in [19] to be more efficient than DP
or SQP methods (for a particular large-scale ship application)
and is capable of handling saturation constraints. The sensi-
tivity function provides a search direction along which a one-di-
mensional optimization is performed to determine the minimum
value of the cost function. The process is carried out iteratively
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Fig. 10. Closed-loop dynamics from � � � (��) to � (�)
when the inner loop reference model is matched exactly.

Fig. 11. Open loop transfer function – From � � � (� � �) to
� (�).

until the optimal cost converges, based on a prescribed conver-
gence criterion, or a maximum number of iterations has been
reached. Readers are referred to [19] for the details of imple-
mentation.

V. APPLICATION OF MPCA TO THERMAL

MANAGEMENT—REAL-TIME SIMULATION RESULTS

Prior to implementing the proposed controller on the thermal
management system, simulations were performed on the
University of Michigan Real Time and Adaptive Control Engi-
neering RACE Lab’s OpalRT real time simulator. This served
two purposes, namely the following:

1) simulations allowed us to tune controller parameters and
verify anticipated controller performance prior to imple-
menting on the physical thermal management system,

Fig. 12. Simulated system behavior.

thereby reducing the time required for experimental vali-
dation;

2) the real time feature allowed us to verify the computational
feasibility of the chosen MPCA optimization algorithm.

In order to provide a benchmark control strategy against
which to compare the MPCA strategy, MPCA is compared
against a closed-form controller, given by

(9)

which results in closed inner loop performance that matches the
reference model exactly when saturation is not active. Here, the
heater is held at a constant power (one that is desirable for the
engine speed and load conditions), which has been employed in
previous thermal management strategies due to the difficulty in
effectively incorporating the heater into the controller [13].

Real-time simulation results are shown for the nominal
system model in Fig. 12. These simulations are based on a test
condition with an engine speed of 2000 r/min and load of 75
N m. Results demonstrate that reference model-based MPCA
uses both actuators effectively in order to provide more accurate
tracking than under the benchmark (closed form) controller. In
the case when an aggressive reference model with 1 s is
used, MPCA produces erratic control inputs, although setpoint
tracking remains unharmed.

In order to simulate the effect of uncertain actuator dynamics
on the system performance, the nominal actuator dynamics are
augmented with flow rate dynamics, where flow rate does not
change immediately upon actuation of the mixing valve, but
rather based on a time constant of 2 s, which leads to
the augmented actuator dynamics given by

(10)
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Fig. 13. Simulated system behavior in the presence of unmodeled actuator dy-
namics.

Additionally, (the cooling water inlet temperature) is low-
ered from 20 to 30 C to introduce an unmodeled bias in the re-
quired mixing valve position. The simulation results with this
uncertainty are shown in Fig. 13. Here, it is seen that the system
responds similarly to the nominal system when we take ,
but with a more aggressive reference model time constant of

1 s, significant oscillations are introduced. These oscilla-
tions are more pronounced at the innermost levels of the system
(actuators and virtual control) but are also present in the setpoint
tracking response. This aggressive reference model ( 1 s)
will be reexamined in the experimental results to show that ref-
erence model selection is indeed an important concern in mod-
ular control with MPCA.

VI. APPLICATION OF MPCA TO THERMAL

MANAGEMENT—EXPERIMENTAL VALIDATION

In the experimental setup, depicted in Fig. 14, the controller
and hardware interface are designed using MATLAB Real Time
Workshop and xPC Target. The configuration relies on a host
PC where all of the control design takes place, and a target PC,
which executes compiled C code and transmits/receives signals
through two rapid prototyping boards. One board, the Measure-
ment Computing PCI-DAS-TC board, handles all of the ther-
mocouple measurements (with locations depicted in Fig. 1),
whereas the other board, the Quanser Q4, handles the analog in-
puts (flow rate measurements, with locations depicted in Fig. 1)
and outputs (mixing valve and heater commands).

Experimental results were acquired for identical test cases as
those used in simulation (engine speed of 2000 r/min and load of
75 N m) and are provided in Fig. 15. Like the simulation results,
the experimental results show that the use of MPCA allows the
system to reach the setpoint more quickly through effective use
of both actuators.

It can be seen, however, that when , is decreased to 1 s, the
experimental response exhibits significant oscillations that are

Fig. 14. Thermal management rapid prototyping configuration.

Fig. 15. Experimental results.

not predicted in simulation results. With such an aggressive ref-
erence model, the closed-loop performance is significantly af-
fected by uncertainties in the model of the fluid conditioning
system (the actuator dynamics). This underscores the impor-
tance of choosing the reference model to have an appropriate
bandwidth for the system at hand and helps to show the ben-
efit of incorporating the reference model as a design freedom
in the application of MPCA to systems with nontrivial actuator
dynamics.

Certain characteristics are present in the experimental results
that are not present in simulations, which warrant two remarks.

Remark 6.1: The slight offset between and throughout
Fig. 15, which is even present at steady state, is due to the fact
that there is no integrator for the inner loop, and the inner loop
model is not perfect. In this system, the integrator present in the
outer loop controller is sufficient for steady-state tracking of the
desired engine outlet temperature.

Remark 6.2: The rate at which the temperature rises upon full
(saturated) application of the mixing valve is dependent on the
rate of heat rejection into the system, both through the heater
and the engine. While the speed and load are regulated closely
by the dynamometer, they do possess some variation, and en-
vironmental conditions do vary from test to test. Consequently,
results often do show slightly different transient responses even
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TABLE II
DYNAMIC MODEL

Fig. 16. Simulated disturbance rejection behavior.

when the valve is at full saturation (for example, in Fig. 15, the
trace acquired with exhibits slower initial response in spite
of the valve being initially at saturation in all three cases).

VII. CONCLUSION AND FUTURE WORK

This paper proposes a reference model based version of
MPCA that is applied on a thermal management system. This
paper has shown the entire design process and demonstrated
through real-time simulation and experimental results that
MPCA does an effective job of blending the effects of two
different actuators in order to improve control system perfor-
mance. It has also demonstrated the importance of appropriate
reference model selection in shaping the response of the overall
system. Future work will involve the development of deeper
theoretical insights with regard to the stability and guaran-
teed levels of performance with the reference model-based
approach.

Fig. 17. Simulated disturbance rejection behavior in the presence of unmod-
eled actuator dynamics.

APPENDIX

DISTURBANCE REJECTION PERFORMANCE

While the main focus of this paper was on setpoint tracking,
the use of reference model-based MPCA can also be extended to
disturbance rejection. In fact, many routine engine thermal man-
agement applications involve the adjustment of speed and load
while striving to maintain a constant engine outlet temperature.
In this appendix, simulation results are presented to illustrate the
effectiveness of the proposed control design in a disturbance re-
jection framework.

Figs. 16 and 17 consider a load disturbance, from 0 to 150
N m at 200 s, then back to 0 N m at 500 s. This load change has
the effect of altering (the heat rejection from the engine).
Fig. 16 refers to the nominal case (a perfect model), whereas
Fig. 17 considers the same uncertainty that was considered in the
setpoint tracking simulations with uncertainty. Fig. 16, shows
that good disturbance rejection performance is obtained with
and without MPCA. The nearly equal performance with and
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without MPCA arises due to the fact that the disturbance does
not trigger saturation in the mixing valve; thus, under the ideal
situation where all model parameters are known, both the closed
form controller and MPCA are capable of obtaining perfect ref-
erence model matching. Fig. 17 shows the familiar effect of an
overly aggressive reference model in the presence of uncertain-
ties, wherein large oscillations are induced.
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