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ABSTRACT 

This paper describes a test cell setup for concurrent 
running of a real engine and a vehicle system 
simulation, and its use for evaluating engine 
performance when integrated with a conventional and a 
hybrid electric driveline/vehicle.  This engine-in-the-loop 
(EIL) system uses fast instruments and emission 
analyzers to investigate how critical in-vehicle transients 
affect engine system response and transient emissions.  
Main enablers of the work include the highly dynamic AC 
electric dynamometer with the accompanying 
computerized control system and the computationally 
efficient simulation of the driveline/vehicle system.  The 
latter is developed through systematic energy-based 
proper modeling that tailors the virtual model to capture 
critical powertrain transients while running in real time.  
Coupling the real engine with the virtual driveline/vehicle 
offers a chance to easily modify vehicle parameters, and 
even study two different powertrain configurations.  In 
particular, the paper describes the engine-in-the-loop 
study of a V8, 6L engine coupled to a virtual 4x4 High-
Mobility Multipurpose Wheeled Vehicle (HMMWV).  The 
results shed light on critical transients in a conventional 
powertrain and their effect on NOx and soot emissions.  
Next, the conventional HMMWV powertrain is replaced 
with a parallel hybrid electric configuration and two 
power management strategies are examined.  
Comparison of the conventional and hybrid propulsion 
options provides detailed insight into fuel economy – 
emissions tradeoffs at the vehicle level.  

INTRODUCTION 

Diesel engines are particularly suited for medium-duty 
vehicles due to their superior fuel economy, favorable 
torque and power ratings, and durability.  However, 
major design improvements are necessary for diesel 
propulsion systems to address the rapid escalation of 
fuel prices and the tighter emissions standards 
announced by the EPA for 2007 – 2010.  Dual-use and 
military diesel-powered trucks must additionally meet 
aggressive fuel economy and emissions targets set forth 

by the U.S. army for its fleet.  Fuel comprises 70% of the 
tonnage moved when the army is deployed, and any 
savings attained through improved fuel economy would 
be further amplified through the reduction of resources 
devoted to the transport of supplies [1].  The U.S. 
military is also focused on reducing vehicle’s thermal 
and visual signature, and the latter translates into a 
requirement to reduce soot emissions.  

New concepts and technologies, such as hybrid 
propulsion, are required to achieve breakthroughs in fuel 
economy.  These technologies can also have a 
beneficial impact on emissions, since they offer greater 
flexibility in controlling engine operation and generally 
reduce the total mass of exhaust.  However, it may not 
be possible to realize these potential improvements in 
hybrid system emissions without carefully including them 
in system analysis, design, and implementation.  In the 
extreme case of a series hybrid optimized for fuel 
economy, for instance, the engine could be kept 
operating near its most efficient point most of the time.  
This, however, may cause rapid changes of engine 
speed and load as the engine is taken offline and 
brought back online.  Such rapid swings in engine 
operation may significantly penalize emissions, 
especially soot.  This type of highly transient engine 
operation is not as pronounced in conventional 
powertrains.  Hence, an in-depth understanding of the 
dynamic interactions within a hybrid propulsion system 
and their effect on transient emissions needs to be fully 
developed before the low-emission potential of diesel 
hybrids can be established with a high degree of 
certainty.  Only after this type of insight is obtained can 
both engine-level and vehicle-level strategies be 
optimized and coordinated to simultaneously minimize 
fuel consumption and emissions.  

Simulation tools are indispensable for the rapid 
prediction of vehicle behavior during a typical mission 
and the evaluation and selection of different propulsion 
concepts early in the design process [1, 3, 4, 5, 6].  They 
make it possible to vary and optimize component and 
subsystem designs for given goals and constraints [7, 8].  
However, simulation-based vehicle system design is not 



without limitations.  Conducting vehicle-level studies 
over complete driving schedules limits the degree of 
fidelity that can be afforded within a reasonable 
computational time frame.  For instance, simulating soot 
formation processes in a diesel engine is prohibitively 
slow in the context of the systems work, since it requires 
coupling of sophisticated Computational Fluid Dynamics 
(CFD) models and chemical kinetics [9, 10].  Therefore, 
even though state-of-the-art vehicle simulations enable 
assessing vehicle performance, fuel economy and 
dynamic response with high confidence, the verification 
of emissions trends necessitates experimentation.  
Merging the virtual and real worlds, by combining 
physical engines with virtual drivelines and vehicles, is 
perhaps the only way to accurately characterize the 
influence of system design on performance, fuel 
economy, and emissions early in the design cycle. 

This paper couples the virtual simulation and real 
experimentation, and introduces a setup that 
concurrently runs a driveline/vehicle simulation and a 
real engine in a test cell.  Using the virtual 
driveline/vehicle simulation enables rapid prototyping 
and optimization of different powertrain configurations, 
designs, and control systems.  Furthermore, by 
implementing the complete engine system in physical 
hardware, the setup captures the effect of uncertainties 
in actuator response on engine dynamic behavior.  In 
principle, this setup falls within the broad category of 
hardware-in-the-loop (HIL) simulators.  HIL simulation is 
often used to design, test, validate, and calibrate 
embedded controllers prior to integration with physical 
systems or sub-systems, such as engine fuel injection 
systems and automatic transmissions.  A commonly 
used definition describes an HIL simulator as “a device 
that fools the embedded system into thinking that it's 
operating with real-world inputs and outputs, in real-
time” [11].  Our approach differs from such conventional 
HIL simulation in two respects.  First, our use of HIL 
simulation is not limited to control design, testing and 
calibration, but addresses broader objectives of 
evaluating an integrated powertrain system 
configuration, system optimization, and power 
management design.  Secondly, the setup immerses a 
major piece of hardware, namely, a multi-cylinder diesel 
engine together with its accompanying sub-system 
controller, in the loop.  To emphasize these differences, 
we use the term engine-in-the-loop (EIL) simulation 
when describing this work.  

Engine- (or powertrain-) in-the loop testing is frequently 
used in industry, mostly for the design and calibration of 
transmission and engine controllers [12].  Jason and 
Moskwa [13], for instance, describe the enhancement of 
dynamometer bandwidths using the hydrostatic principle 
for the purpose of system control and diagnostics.  
Similarly, Fleming et al. describe the development of a 
powertrain-in-the-loop setup that enables control design 
and implementation specifically for parallel hybrid 
electric vehicles [14].  Finally, the Argonne National 
Laboratory (ANL) is heavily investing in HIL capabilities, 
and serves as the primary site for technology validation 

for the U.S. Department of Energy (DOE).  Their focus is 
on enabling the testing of various components in an 
emulated vehicle environment [7].  Recent work at the 
ANL has also utilized HIL simulation to investigate 
tradeoffs between fuel efficiency and NOx emissions 
[15].  Optimizing the control of a hybrid vehicle (with 
CVT) based on an analysis of the time spent at given 
engine regimes and steady-state emission maps led to a 
viable solution for reducing NOx [15].   

The present work differs from the above EIL-related 
literature in three important ways.  First, this work 
emphasizes fundamental aspects of transient diesel 
emissions in the context of hybrid propulsion.  Diesel 
emissions are brought to the forefront of powertrain 
research by the stringent EPA regulation scheduled to 
take effect in 2007 and 2010.  Recently announced tax 
incentives for purchases of hybrid vehicles in U.S. are 
contingent upon meeting or exceeding the Bin 5 
emissions targets.  We seek a realistic characterization 
of transient dynamics in hybrid powertrains, and a 
fundamental understanding of the influence of such 
transient dynamics on powertrain emissions.  Such 
broad and fundamental objectives dictate specialized 
instrumentation that can sample engine inputs and 
outputs, including NOx and soot, in real time at very high 
rates.  Secondly, this work uses EIL simulation not only 
as a control calibration tool, but also as an integrated 
system-level methodology for hybrid powertrain design 
and control.  Finally, our focus is on medium-duty diesel 
engines and trucks, rather than passenger cars.  The 
engine used in this work is a 6L V8 diesel produced by 
the International Truck and Engine Corporation, and it is 
coupled to a highly dynamic AC dynamometer in the W. 
E. Lay Automotive Lab at the University of Michigan.  
Furthermore, the virtual vehicle used in this work is 
configured based on the specifications of the military 
High Mobility Multipurpose Wheeled Vehicle (HMMWV), 
a 4x4 vehicle with exceptional off-road capabilities. 

Four key enablers contribute to the viability and 
effectiveness of the EIL setup used in this work.  First, 
the exceptional fidelity and bandwidth of the AC electric 
dynamometer, dyno controller, and associated 
communication system ensure the accurate coupling of 
the physical engine with the driveline/vehicle simulation 
in real time. Secondly, the setup’s state-of-the-art test 
instruments, including a fast NOx analyzer and a 
differential mobility particulate spectrometer, make it 
possible to accurately correlate instantaneous emissions 
with powertrain transients.  Thirdly, the use of proper 
driveline/vehicle models, generated using energy-based 
automated model reduction techniques that balance 
model speed vis-à-vis fidelity, enables real time vehicle 
simulations.  Finally, lead/lag filtering and modified 
causality in the driveline/vehicle simulation minimize the 
influence of disturbances, noise, and time delays on the 
setup’s fidelity and bandwidth.  

The objectives of the work are to develop the EIL 
experimentation capability and use it to study engine 
system behavior when coupled to conventional and 



hybrid drivelines/vehicles. In particular, we examine and 
compare two driveline configurations for a 4x4 HMMWV: 
a baseline platform with a 4-speed automatic 
transmission (Figure 1), and a parallel hybrid 
configuration with a post-transmission motor location 
(Figure 2).   

 

Figure 1:  Conventional vehicle configuration. 
 

 

Figure 2:  Parallel hybrid electric vehicle configuration. 
 
Simulating the above HMMWV configurations using the 
EIL setup makes it possible to characterize engine 
transients.  Furthermore, studying the dynamic 
interactions between different vehicle subsystems sheds 
light on causes for critical transient conditions and 
suggests potential vehicle-level approaches for active 
transient emission reduction.  In particular, this work 
studies the influence of two hybrid power management 
strategies, one rule-based and another obtained using 
stochastic dynamic programming, on transient 
emissions.  The results obtained over a complete driving 
schedule quantify the influence of HMMWV propulsion 
system hybridization and power management on both 
fuel economy and emissions.  

The paper is organized as follows: a high-level 
description of the approach, critical enablers, and EIL 
setup used in this work is given first.  This is followed by 
a detailed description of the setup’s hardware and 
communication subsystems, covering diesel engine 
specifications, test cell instrumentation and the interface 
between the dynamometer and the vehicle simulation.  
Then, the setup’s virtual models, including the HMMWV 

driveline and vehicle dynamics models, are described, 
followed by a discussion of the parallel hybrid electric 
system and the optimization of its power management 
via stochastic dynamic programming.  Challenges 
uncovered in the process of integrating the real and 
virtual subsystems into a viable EIL setup are presented 
next, along with methodologies for overcoming them.  
This completes the description of the EIL setup, and 
leads into a detailed analysis of the experimental results.  
In particular, the paper examines the impact of transient 
engine operation on emissions, and then applies the 
newly acquired knowledge to explain the behavior of the 
hybrid powertrain and offer guidance for improving 
power management strategies.  Finally, the paper ends 
with a brief summary and conclusions.  

APPROACH - MERGING THE REAL AND 
VIRTUAL WORLDS 

Real-world vehicle operation often involves frequent 
starts, stops, and velocity changes.  As a vehicle follows 
such a driving cycle, interactions between its engine, 
driveline, and driver change continually.  This causes 
engine speed and load to fluctuate greatly.  As an 
example, Figure 3 illustrates the vehicle velocity profile 
of the FTP 75 driving cycle and a predicted engine 
speed trace during this period.  This result was obtained 
in a previous simulation study of control strategies for a 
variable geometry turbine [16].  The work highlighted 
significant transient excursions of engine operating 
conditions from corresponding quasi-steady operation, 
and potential effects of such deviations on mixture 
formation and combustion.  Since real-world engine 
operation consists mainly of transient conditions [17] and 
vehicle emissions standards are regulated over transient 
driving cycles, the in-depth study of realistic in-vehicle 
operation is crucial for reducing emissions.  In addition, 
soot emissions and  visual  signature are  very important 
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Figure 3: Predicted time histories during an urban 
driving cycle: a) vehicle speed, and b) engine speed – 
from [16].  



in military applications and are closely related to rapid 
vehicle/engine accelerations [18].   

Three methods for investigating in-vehicle engine 
behavior can be considered: 

1. Instrument a vehicle and acquire data as it is driven 
on open roads. 

2. Operate a vehicle on a chassis dynamometer over 
prescribed driving cycles. 

3. Use a dynamometer to couple the engine with virtual 
dynamic models of the driver, driveline, and vehicle, 
then run the engine and virtual models concurrently 
in real time.  

While each method has its benefits and drawbacks, 
option (3) is unique because it eliminates driver and 
vehicle variability and situates the engine in a test cell, 
thereby allowing very detailed measurements in a 
controlled lab environment.  Furthermore, it offers the 
flexibility of easily changing the configuration of the 
vehicle system and selection of virtual components.  
Hence, the development of option (3), or engine-in-the-
loop methodology, is pursued in this study. 

Two pillars of this work are the availability of a suite of 
vehicle models having appropriate fidelity and the 
advanced, highly-dynamic dynamometer setup.  Both 
are supported by the ongoing research in the 
Automotive Research Center (ARC) at the University of 
Michigan.  The main mission of the center is 
development of advanced models and simulations of 
ground vehicles, with an emphasis on predictive fully 
integrated system simulations.  Various subsystem 
models have been integrated in SIMULINK as a 
common simulation environment to produce a tool for 
conventional vehicle simulation dubbed Vehicle Engine 
SIMulation (VESIM) [5].  This platform has subsequently 
been expanded and utilized for investigating a number of 
research issues related to hybrid truck propulsion.  The 
fuel economy potential of selected hybrid electric and 
hydraulic hybrid configurations has been evaluated by 

Lin et al. in [6, 19 and 20].  Hierarchical methodologies 
for optimally designing a complex vehicle system are 
explored in [8], while [21] considers design under 
uncertainty.  Techniques for optimal power management 
are addressed in [19, 22].  Finally, a methodology for the 
combined optimization of hybrid propulsion system 
design and power management is proposed by Filipi et 
al. in [23]. 

In parallel, an advanced test cell, featuring a state-of-the 
art medium duty diesel engine and a highly dynamic AC 
dynamometer with the accompanying control system, 
has been set up for investigations of clean diesel 
technologies [24].  The dynamometer and test cell 
hardware vendor (AVL North America) committed to 
providing the necessary hardware and software for 
interfacing models in Simulink with the dynamometer 
and engine controller, thus opening up the possibility of 
realizing the full benefit of the synergy between 
modeling and experimental efforts.   

The integration of the virtual VESIM components with 
the hardware in the test cell to create an engine-in-the-
loop system is represented schematically in Figure 4.  
VESIM is used to simulate the vehicle’s driver, driveline, 
hybrid components, controllers, and vehicle dynamics.  
VESIM’s forward-looking driveline and vehicle dynamics 
models make it possible to integrate a virtual driver into 
the system with the vehicle driving schedule as the only 
input to the EIL models.  The driveline and vehicle 
developed in VESIM run parallel to the engine in real 
time to simulate vehicle behavior and provide feedback 
to the virtual driver and dynamometer controller 
(EMCON).  The engine is coupled to the dynamometer 
and EMCON, such that its performance depends entirely 
on signals provided by the driver and response of the 
virtual vehicle.  In case of the hybrid the engine 
command comes from the power management module 
rather than directly from the driver.  This constitutes a 
fully integrated EIL setup that emulates the desired 
vehicle, drivetrain, and driver concurrently in real time.     
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Figure 4: Engine-in-the-Loop Test Cell Configuration 



The highly dynamic AC dynamometer and EMCON 400 
flexible test bed controller were delivered by AVL North 
America.  Incorporated within EMCON 400 is ISAC 400, 
an extension of EMCON that permits the complete 
simulation of the vehicle configuration, driveline 
components, driver, and road profile.  The ISAC system 
offers a set of generic submodels that can be used to 
build a virtual conventional vehicle.  More importantly, it 
also enables linking with a Matlab platform to accept 
user-defined vehicle, powertrain, and driver models 
implemented in Simulink.  This was the key to fulfilling 
our objectives, as we were able to generate the entire 
vehicle and driver in VESIM and attain full flexibility in 
varying driveline design. 

To illustrate the use of the above setup for complete 
vehicle system simulation, consider a drive cycle at the 
beginning of which the engine is idling and the vehicle 
velocity is zero.  As the target velocity starts to increase, 
the virtual driver within VESIM recognizes the difference 
in demanded and actual vehicle velocities and increases 
the accelerator pedal position appropriately.  This pedal 
position signal is passed to EMCON and is processed 
into a signal that is sent to the engine.  The engine 
responds to this signal by producing torque measured by 
the dynamometer.  This torque value is then used as 
input into the VESIM driveline/vehicle module capable of 
calculating the impact of the supplied torque on vehicle 
velocity.  The updated vehicle velocity is subsequently 
translated to engine speed, based on current states in 
the transmission and torque converter, and this request 
is sent to the dynamometer through EMCON.  The 
updated vehicle velocity is also provided to the driver, 
which again compares this value to the driving schedule 
and determines the pedal position for the following step.  
When the desired vehicle velocity profile starts to fall, 
the virtual driver “lifts the foot off the gas pedal” thus 
making the gas pedal signal zero, and instead sends an 
appropriate command to a virtual brake model within 
VESIM.  Vehicle velocity changes according to the brake 
model, and engine speed is commanded appropriately.  
Thus, the above setup enables the fully integrated 
simulation of acceleration, coasting, and braking events.  
Figure 5 represents the exchange of information 
between VESIM and EMCON. During the experiment, 
VESIM runs in parallel with the hardware and 
communicates with EMCON at a frequency of 250 Hz.  

 

Figure 5: Interface between VESIM and EMCON 

This completes the high-level description of the EIL 
setup and its use for integrated vehicle system 
simulation.  Subsequent sections describe the setup’s 
physical and virtual subsystems in more depth.  In 
particular, the following section describes the engine, 
dynamometer, dyno controller, and test instrumentation 
in detail.  This is followed by a detailed description of the 
VESIM-based driveline, vehicle, and hybrid power 
management models. 

EXPERIMENTAL SETUP 

ENGINE SPECIFICATIONS 

The engine used in this investigation is a 6 L V-8 direct-
injection diesel engine manufactured by the International 
Truck and Engine Corporation.  Engine specifications 
are given in Table 1.  The engine is intended for a 
variety of medium duty truck applications covering the 
range between Classes IIB and VII.  Replacing the 
standard 6.5 L turbocharged IDI engine developing 145 
kW with the more powerful International V8 engine 
creates a virtual “super-HMMWV”.  This is of interest 
due to the recent emphasis on up-armoring of HMMWV 
fleets and thus significantly increasing their weight.  

The engine incorporates advanced technologies to 
provide high power density while meeting emissions 
standards.  A hydraulic electric unit injector (HEUI) 
system permits the precise control of fuel injection 
timing, pressure, and quantity, and furthermore allows 
the use of pilot injection.  An exhaust gas recirculation 
(EGR) circuit is used to introduce cooled exhaust gases 
into the intake manifold in order to decrease NOX 
emissions.  EGR flow rate is controlled through 
modulation of the EGR valve and the setting of the 
variable geometry turbocharger (VGT).  The VGT is also 
used to enhance engine performance, as it reduces 
boost lag and allows control of the intake manifold 
pressure. 

Table 1: Diesel engine specifications 

Engine Type DI 4-Stroke Diesel Engine 

Configuration V-8, Cam-in-Crankcase 
4 Overhead Valves 

Bore x Stroke (mm) 
( )

95 x 105 
Displacement (L) 6.0 
Rated Power (kW) 250 @ 3300 rpm 
Rated Torque (Nm) 760 
Compression Ratio 18.0 : 1 
Valve Lifters Push Rod-Activated Rocker Arm 

Aspiration Variable Geometry Turbine 
(VGT) / Intercooler 

Fuel Delivery 
System 

Generation 2 Hydraulic-
Electronic Unit-Injectors (HEUI) 

Fuel Specifications US #2 Diesel 

 

VESIM EMCON 

Engine Torque 

Pedal Position 

Dyno Speed 



TEST CELL SYSTEMS 

The engine is coupled to a 330 kW AVL ELIN series 100 
APA Asynchronous Dynamometer.  This dynamometer 
is especially suited to perform transient testing, as it has 
a 5 ms torque response time and a -100% to +100% 
torque reversal time of 10 ms.  Operation of the test cell 
is orchestrated via the AVL PUMA Open system, 
providing an environment for monitoring and controlling 
test cell functions.  The engine is fully instrumented for 
time-based measurements of pressures, temperatures, 
and flow rates at various locations in the system.  The 
time-based signals are acquired with the use of AVL fast 
front end modules (F-FEMs).  Crank-angle resolved 
measurements include in-cylinder pressure, fuel 
injection pressure and needle lift.  Data acquisition and 
combustion analysis is performed via an AVL Indimaster 
Advanced 671 indicating system. 

Interfacing with the engine’s powertrain control module 
(PCM) and monitoring of control functions is 
accomplished through the use of ETAS INCA software.  
The injection parameters, as well as EGR valve and 
VGT vane setting, can be observed and adjusted.  INCA 
is linked to PUMA via a communication link that 
operates on the ASAM (Association for Standardization 
of Automation and Measuring Systems) protocol. 

EMISSIONS MEASUREMENT 

Emissions Bench 

An AVL Combustion Emissions Bench (CEB-II) is used 
to sample, condition, and measure exhaust gas 
constituents.  Analyzers measure the proportion of 
carbon monoxide (CO), carbon dioxide (CO2), oxygen 
(O2), total hydrocarbons (THC), and oxides of nitrogen 
(NOX) in the exhaust gas.  CO2 levels in the intake 
manifold are also measured to quantify EGR rates.  
These analyzers do not have the response time 
necessary to accurately follow the instantaneous 
temporal dynamics of emissions pulses, but they do 
provide an accurate integrated response [25]. 

Fast NOx 

Accurate temporal measurement of NOX is provided by a 
CLD 500 Fast NOX analyzer made by Cambustion Ltd.  
It consists of a chemiluminescent detector with a 
90% 10% response time of less than 3 ms for NO, and 
less than 10 ms for NOX.  This is achieved by locating 
the detectors in remote sample heads that are 
positioned very close to the sample point in the engine 
and using vacuum to convey the sample gas to the 
detectors through narrow heated capillaries. 

The Fast NOX analyzer provides NOX concentration in 
parts per million (ppm).  This is subsequently converted 
to mass flow of NOX with the equation: 

⎟
⎠
⎞

⎜
⎝
⎛ +⋅⋅=

•••

fuelair

exhaust

NOxNOx
NOx mm

MW
MWppm

m
10000

     (1) 

where MWNOx is molecular weight of NOx, MWexhaust is 
molecular weight of exhaust, and ( fuelair mm && + ) is the 
total mass flow rate of exhaust. 

Fast Particulate Sizer 

Temporally resolved particulate concentrations are 
obtained using a differential mobility spectrometer 
(DMS) 500 manufactured by Cambustion Ltd.  This 
instrument measures the number of particles and their 
spectral weighting in the 5 nm to 1000 nm size range 
with a time response of 200 ms.  The DMS provides 
aerosol size spectral data by using a corona discharge 
to place a prescribed charge on each particle.  The 
charged particles are then carried along a classifier 
column by a sheath of clean air, as shown in Figure 6.  
Within the column, particles are subjected to a radial 
electric field from a central electrode which repels them 
towards the periphery.  Particles with lower aerodynamic 
drag-to-charge ratio will deflect more quickly and are 
attracted towards electrode rings closer to the beginning 
of the classifier column, and vice versa.  Classification of 
small particles in this manner is very effective because 
the electrostatic force is very high relative to any others. 

 Sample Flow Sheath Flow 

High Voltage Electrode 

Grounded Electrode Rings
 

 
Figure 6: DMS 500 Classifier Column - from [26] 

As the particles land on the grounded rings, they give up 
their charge and these outputs from the electrometers 
are processed in real time to provide spectral data and 
other desired parameters.  Typical spectral data from the 
DMS 500 are shown in Figure 7, where the x-axis is 
particle diameter (DP) in nanometers and the y-axis is 
the spectral density with a unit of dN/dlog DP/cc.  Thus 
the area under the curve represents the number of 
particles per cubic centimeter of sample.   
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Figure 7: Sample  particulate spectral density curve 



Conversion of aerosol spectral size data into particulate 
mass is not straightforward.  Agglomerates formed 
during diesel combustion are non-spherical and 
therefore their mass does not correlate with the cube of 
the particle diameter.  Similarly, the constituents of the 
particles change as the diameter varies and 
consequently there is no direct correlation between 
particle density and diameter. Nevertheless, a 
relationship has been suggested by the manufacturer 
[26], based on results obtained from an SMPS 
(Scanning Mobility Particle Sizer) and an APM (Aerosol 
Particle Mass) Spectrometer and published by Park et 
al. [27].  While these instruments use the same 
principles to classify particles, they require much more 
time (~100 seconds) to produce a full size spectrum. 

To obtain total particle mass, the x-axis of the curve 
shown in Figure 6 is first discretized, which groups the 
data into particle diameter bins.  The density of the 
particles within each bin is assumed to be constant and 
then the mass of particles in each bin is determined by: 

Particle Mass ⋅⋅×= − 34.231095.6 PD Number of Particles 

In this equation, the non-spherical nature of particle 
shapes is accounted for by the diameter (Dp) exponent 
smaller than three.  The leading coefficient acts as a 
“pseudo-density” for the particles in that bin; its 
magnitude is affected by particle constituents and also 
the unit changes that occur with the non-integer particle 
diameter exponent.  After the particle mass is calculated 
for each bin, the total mass is found by summing the 
masses in each bin and dividing it by the number of bins 
per decade.   

Total Mass 
DecadeBins

Mass
Bins ⎥

⎥
⎦

⎤

⎢
⎢
⎣

⎡

=
∑

  [kg/m3]             (2) 

This summation is used as an approximation that 
accounts for integration over a logarithmic scale. 

This completes the description of the hardware used in 
this work, including the engine, dynamometer, 
communication system, and test instrumentation.  The 
following section presents the virtual models used in this 
work to represent the HMMWV driveline, vehicle 
dynamics, and hybrid power management algorithms.  It 
begins by describing the proper models used to describe 
the baseline conventional HMMWV driveline and 
vehicle, and the model reduction algorithms used to 
obtain them.  It then describes the proper hybrid 
HMMWV model and the development of two 
corresponding power management algorithms, one rule-
based and one based on stochastic dynamic 
programming.  The paper’s description of the EIL setup 
concludes with a section describing the challenges 
encountered when integrating the presented 
experimental setup with these virtual models, and the 
remedies used to mitigate these challenges. 

VEHICLE SYSTEM MODELING 

BASELINE VEHICLE  

Successful EIL simulation requires proper 
driveline/vehicle models, i.e., models complex enough to 
accurately capture powertrain dynamics but simple 
enough to run in real time [28].  To construct such 
proper models, one requires a quantitative measure of 
model fidelity and an algorithm for balancing it against 
execution speed [29].  This section presents the proper 
models developed for the proposed “super-HMMWV”.  It 
begins by presenting the unified language used to 
express the models, the algorithm used for quantifying 
their fidelity, and the algorithm used for balancing it 
against model complexity.  It then briefly describes the 
scaling of these models to match the engine used in this 
study.  Finally, it provides a brief description of the 
resulting proper driveline/vehicle models. 

A HMMWV with a conventional powertrain was 
previously modeled using bond graphs [30, 31].  A bond 
graph is a schematic that represents a given dynamic 
system as an assembly of energy sources, stores, and 
dissipaters exchanging energy and information [32].  
Bond graphs are particularly suited to the representation 
of modular multi-domain energetic systems, such as 
vehicle powertrains [32].  The fidelity of the developed 
models was verified using the Accuracy and Validation 
Algorithm for Simulation (AVASim)by Sendur et al. [33].  
The models were then made proper by balancing their 
fidelity versus complexity using the Model Order 
Reduction Algorithm (MORA) by Louca et al. [34].  The 
remainder of this section highlights AVASIM, MORA, 
and their use for proper HMMWV modeling. 

AVASIM quantifies a model’s fidelity by comparing its 
outputs to a benchmark, which may be either an 
experiment or a higher-fidelity model.  This comparison 
yields an accuracy index that captures the model’s 
deviation from its benchmark both overall and at specific 
target points emphasizing particular aspects of system’s 
dynamics, e.g., peak response [33].  Given the AVASIM 
accuracy metric, we deem a model proper for a 
particular application if it meets the application’s fidelity 
requirements with minimal complexity.  For EIL 
simulation purposes, proper models of vehicles and 
drivelines must capture powertrain transients accurately 
while being simple enough to run in real time.  We start 
with higher-fidelity vehicle and driveline models and then 
reduce them to proper form via an algorithm such as 
MORA.  MORA reduces dynamic system models by 
eliminating their least active elements, where an 
element’s activity is defined as the total energy flow into 
and out of the element over a given trajectory [34].  For 
instance, if the effort across an energetic element is )(te  
and the flow through it is )(tf , then its activity is: 

 ∫=
T

dttfteA
0

)()(: ,   (3) 

where T  is the length of time for which activity is sought. 



The fundamental premise behind MORA is that an 
energetic element’s activity is indicative of its importance 
to the model’s fidelity.  This premise is supported by 
both theoretical and computational results [34, 35].   

Previous research used MORA in conjunction with 
AVASIM to construct a proper model of an existing 
HMMWV [30, 31].  This model’s parameters were then 
scaled to match the engine used in this case study.  In 
particular, the HMMWV torque converter, gear ratios, 
shift map, and final drive were scaled to provide desired 
mobility, smooth shifting, and fuel efficiency, given the 
speed and torque range of the International V8 engine 
[36].  The resulting driveline and vehicle parameters are 
given in Table 2.  Furthermore, Figures 8-10 show the 
bond graphs corresponding to the complete powertrain 
model, the driveline submodel, and the vehicle 
submodel, respectively.  

Figure 8 is a schematic representation of an entire 
“super-HMMWV” (from [36]).  This representation breaks 
down the vehicle system into four main subsystems: an 
engine subsystem, a drive train subsystem, a driver 
subsystem, and a vehicle subsystem.  Full arrows 
represent information flow, while half arrows represent 
energy flow.  The model’s external inputs include the 
drive cycle and road profile.   

Figure 9 shows the internal layout of the vehicle system 
model given in Figure 8 (from [36]).  The exchange of 
energy between this model and the driveline is 
represented by the wheel_hub connector.  Some of the 
wheel hub’s power is stored in the wheel hub inertia, I, 
dissipated by the wheel bearing resistance, R, or 
dissipated by the braking resistance, B_brake, which is 
modulated by an external signal from the driver.  The 
remaining power supplied by the wheel hub is 
transformed from the rotational mechanical domain to 
the translational domain by the wheel radius, 
represented by a modulated transformer, MTF.  Some 
power is lost to slipping resistance (B_slip), rolling 
resistance (B_rolling), and aerodynamic drag (Raero), 
but the remaining power is stored in the vehicle’s inertia, 
represented by MI.   

The schematic in Figure 10 breaks down the drivetrain 
into a torque converter, a transmission, a transmission 
shift controller, and a final drive.  The torque converter is 
modeled using standard characteristic factor curves, the 
transmission is modeled as a modulated transformer, 
shift control is modeled using a simple shift map, and the 
final drive is modeled as an additional transformer.  
Further details about the modeling of these components 
and the modeling of super-HMMWV powertrain 
dynamics in general are omitted for brevity and provided 
by other references [30, 31, 36].  

The above super-HMMWV models were expressed in 
the bond graph language SIDOPS and implemented in 
the modeling tool 20Sim [37].  For EIL simulation, the 
engine module was removed and the drivetrain was 
connected to the EMCON interface.  The models were 

then translated into differential algebraic equations 
(DAEs) and expressed in the C language.  Embedding 
the C code into Simulink as a Simulink-executable S-
function (using Matlab’s external interface C-MEX 
function) finally allowed the models to be connected to 
the EMCON interface.   

This completes the description of the proper models 
used for the conventional super-HMMWV in this study.  
The following section describes the modeling of the 
parallel electric super-HMMWV and the development of 
its two power management algorithms.  

Table 2:  HMMWV driveline and vehicle model 
parameters;  driveline modified to match the  
high-performance V8 engine. 

Drivetrain & Vehicle Specifications  

T/C Turbine inertia [kg*m2] 0.2 

1st gear ratio [-] 3.42 
2nd gear ratio [-] 2.26 
3rd gear ratio [-] 1.50 
4th gear ratio [-] 1.00 
1st Gear efficiency [-] 0.94 
2nd Gear efficiency [-] 0.96 
3rd Gear efficiency [-] 0.97 
4th Gear efficiency [-] 0.97 
Differential drive ratio [-] 3.56 
Differential efficiency [-] 0.94 
Number of wheels [-] 4 
Sprung vehicle mass [kg] 4672 
Unsprung vehicle mass – Front [kg] 220 
Unsprung vehicle mass – Rear [kg] 220 
Wheel inertia [kg*m2] 32 
Brake viscous damping [N*m*s/rad] 170 
Wheel radius [m] 0.4412 
Wheel bearing damping [N*m*s/rad] 4.0 
Road/tire friction coefficient [-] 0.7 
Frontal area [m^2] 3.58 
Coefficient of drag [-] 0.7 
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Figure 8: System model topology in 20SIM 



wheel_hub

Brake

X_out
V_out

a_out

kappa_out

F_tire

Mx_in

1

I

B_brake

MTF B_rolling

R

B_slip

R aero

MI

1

0

1

 
Figure 9: Vehicle Model 
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Figure 10: Drive Train Model 

HYBRID PROPULSION AND POWER MANAGEMENT 

A parallel hybrid-electric configuration with a post-
transmission motor location is selected for this study.  
The architecture of the system is shown in Figure 2 and 
it has been briefly discussed in the introduction.  Starting 
with the conventional vehicle simulation in SIMULINK 
(VESIM), a hybrid electric system is built by adding 
electric motor/generator, battery and power 
management modules.  Power electronics are integrated 
within the 49 kW DC motor/generator module.  The lead-
acid battery is represented with two RC circuits 
connected in series and charging/discharging efficiency 
tables.  The hybrid electric vehicle simulation (HE-
VESIM) is shown in Figure 11, with a picture inserted in 
the engine module to signify the fact that a real engine 
replaces this block in the EIL setup.  Driver command is 
no longer transmitted directly to the engine, but rather to 
the power management module. The control logic in this 
module decides about the power split between the 
engine and the assistant propulsion device and sends 
appropriate signals to the engine, transmission and 
electric motor. 

Two different HEV control algorithms were designed for 
this EIL experimentation.  The first is a simple rule-
based load-leveling control algorithm (see Figure 12). 
This control algorithm is based on simple rules illustrated 
in the ADVISOR software [38] and intended to avoid 
engine operation in inefficient regions. The rules define 
two power lines as limits of desired engine operation.  
The electric propulsion motor is switched on to augment 
the engine operation whenever the power requirement 
exceeds the high-power limit, or falls below the low-
power limit.   

 

Figure 11:  Hybrid vehicle simulation in SIMULINK. 

 
Figure 12:  Rule-based hybrid electric vehicle control 
strategy 

A charge-sustaining strategy is implemented to assure 
that battery State Of Charge (SOC) remains within 
preset upper and lower bounds.  The 50-60% SOC 
range is chosen for efficient battery operation.  When the 
SOC drops below the low limit, the energy management 
controller will switch to the battery recharge mode.  A 
pre-selected recharge power level is added to the driver 
power request, and the motor power command is forced 
to become negative to recharge the battery.  One 
exception is that when the total power request is less 
than the “engine on” power level, the motor will still 
propel the vehicle to avoid the engine operating in this 
inefficient region. The battery recharge mode stops 
when SOC hits the upper bound.  When the driver steps 
on the brake pedal, regenerative braking is activated to 
absorb the braking power. If the braking power request 
exceeds the regenerative braking capacity, hydraulic 
braking is activated to assist the vehicle deceleration. 

The second power split control algorithm is based on the 
Stochastic Dynamic Programming (SDP) method 
developed at the Automotive Research Center of the 
University of Michigan [39, 40].  The HEV control is 
formulated as a discounted infinite-horizon stochastic 
optimization problem.  The objective of the SDP control 
algorithm is to find the optimal control policy ( )u xπ=  
that  maps  observed  states  to  control  decisions  that  



minimize the expected total cost over an infinite horizon: 
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where g  is the instantaneous cost incurred, 0 1γ< <  is 
the discount factor, and 0( )J xπ  indicates the resulting 
expected cost when the system starts at state 0x  and 
follows the policy π  thereafter. For our hybrid vehicle 
control problem, the control signal is engine power eP .  

Stochastic dynamic programming problems have been 
extensively studied in the literature. It has been shown 
that the algorithm can handle constrained nonlinear 
optimization problems under uncertainties [41]. In this 
study, an approximate policy iteration algorithm is used.  

For the hybrid electric vehicle problem, the state 
variables related to the vehicle, engine and battery all 
evolve according to deterministic dynamic equations.  
The state variable that is stochastic in nature, thus 
requiring an SDP solution, is the driver power demand.  
Driver power demand in realistic situations depends on 
many factors, such as vehicle and road load, weather, 
and traffic conditions.  Therefore, we hypothesize that 
defining an SDP problem around a stochastic power 
demand obtained through the combination of many 
driving cycles, and subsequently performing the 
optimization, would result in a control law that is suitable 
for diverse driving conditions.  Since it is not based on a 
particular driving cycle (time signal), but rather the 
statistical characteristics of many driving cycles, it is 
naturally non-cycle-beating.  Furthermore, the resulting 
control algorithm is full-state feedback and thus can be 
implemented directly as a look-up table.   

The SDP problem is solved by a policy iteration 
algorithm, using Bellman’s optimality equation. The 
policy iteration conducts a policy evaluation step and a 
policy improvement step in an iterative manner until the 
optimal cost function converges.  In the policy evaluation 
step, given a control policy π , we calculate the 
corresponding cost function ( )J xπ  by iteratively updating 
the Bellman equation 

      ( ){ }1( ) ( , ( )) 's i i i s

w
J x g x x E J xπ ππ γ+ = +  (5) 

for all i , where s  is the iteration number, and 'x  is the 
new state, i.e., ( )' , ( ),i ix f x x wπ= .  However, the first 

two components of state 'x , ( , )whSOC ω , do not 
necessarily fall exactly on the state grid. In this case, a 
linear interpolation of the cost function along the first two 
dimensions is used. In order to accelerate the 
computations, only a fixed number of iterations are 
performed regardless of the convergence of the 
estimated cost function. This truncated policy-evaluation 
method has been shown to reduce the computation time 
effectively [40]. In the policy improvement step, the 
improved policy is found through the following equation 

      { }
u ( )

'( ) argmin ( , ) ( ')
i

i i

wU x
x g x u E J xππ γ

∈

⎡ ⎤= +⎣ ⎦  (6) 

for all i , where Jπ  is the approximate cost function 
obtained from the policy evaluation step. After the new 
policy is obtained, we go back to the policy evaluation 
step to update the cost function by using the new policy. 
This iterative process is repeated, until Jπ converges 
within a selected tolerance level.   The resulting control 
algorithm is a vehicle speed-dependent look-up table 
such as the one shown in Figure 13.   

 
 
Figure 13:  SDP generated state-feedback power 
management look-up table. 

The output of the table is the engine power ratio, defined 
as de PP .  Values below 1 indicate power split between 
the engine and the motor.  Values greater than 1 
indicate battery charging events.  During braking the 
required engine power is zero, and the electric machine 
operates as a generator.  The look-up table allows 
instantaneous changes of the power split ratio 
depending on the current power demand and vehicle 
speed, hence it is expected to produce more dynamic 
engine operating conditions than the traditional rule-
based. 

Figure 14 illustrates an important difference between the 
rule-based  (RB)  and  an  SDP  power  management 
strategy.  Engine and motor torque histories during a 
selected segment of the driving schedule reflect the 
differences in power split logic.  The rules request 
assistance from the motor in only two instances, when 
the power requirement exceeds the high limit.  The SDP 
on the other hand, engages the motor frequently and not 
only to assist the engine, but rather to replace it and 
provide the complete torque requirement during a period 
of time.  This frequent switching between the engine and 
the motor ensures their respective operation at high 
loads.  Engine and motor efficiencies generally increase 
with load, hence the SDP control algorithm obviously 
attempts to keep both devices as close as possible to 
peak efficiency regions.  Periods of regenerative 
braking, illustrated by negative motor torque profiles, are 
similar in both cases. The fuel economy results and 
emission implications will be examined in the final 
section of the paper. 



 

Figure 14:  Comparison of engine and electric motor 
torque histories obtained with different power 
management during a segment of the FUDS schedule: 
a) rule-based strategy, b) stochastic dynamic 
programming. 

INTEGRATION CHALLENGES 

A viable EIL simulator comprises more than just well-
instrumented hardware connected to proper virtual 
models.  Initial work quickly uncovered integration issues 
that needed to be addressed on both ends before the 
setup could be operated safely and with full functionality.  
The main challenges proved to be: 

• Connection causality 
• Signal noise and communication delays 
• Virtual driver response 

The most basic integration question is connection 
causality, namely, which signals enter each subsystem 
as inputs, and which are generated as outputs.  
Traditionally, engine-dynamometer test setups and EIL 
simulators commanded engine torque and measured 
engine speed through a dynamometer [13, 14, 42].  This 
connection causality was justified by the fact that torque 
converters, idealized as Eulerian hydraulic machines, 
essentially act as gyrators [43].  Hence, in a forward-
looking vehicle simulation where the torque converter 
provides the transmission input torque, it must also 
dictate the engine output torque.  This connection 
causality is viable in pure simulation and performed well 
in previous VESIM studies [5, 23].  However, its use for 
EIL simulation reduced the bandwidth over which the 

engine’s output torque could be controlled, and often led 
to unstable engine torque signals.  This problem 
persisted after the careful tuning of the highly responsive 
AC dynamometer’s control gains.  However, it was 
resolved by reversing the dynamometer’s causality from 
controlling engine torque and measuring engine speed 
to measuring torque and controlling speed.  This led to 
the following fundamental observations regarding the 
effectiveness of dynamometers for engine torque and 
speed control.  

At every instant in time, a diesel engine’s torque 
depends on its crank angle, output shaft velocity, and 
output shaft acceleration.  Therefore, controlling this 
torque through a dynamometer implicitly involves engine 
acceleration control.  Acceleration is inherently higher in 
order compared to velocity.  Higher-order signals are 
noisier to measure, and their control requires higher 
actuator bandwidths compared to lower-order signals.  A 
dynamometer is hence generally more effective for 
commanding engine speed rather than torque.  In this 
work, reversing the EIL setup’s connection causality by 
commanding the engine’s speed and measuring its 
torque alleviated the stability problem and increased the 
setup’s bandwidth to the desired range (15-25 Hz).  The 
virtual model causality was reversed by incorporating 
impeller inertia into the torque converter model.  This 
inertia may be considered small in the context of pure 
simulation, but its role in proper EIL simulation is 
indispensable.  

The second integration challenge pertained to the 
signals measured by the EIL setup.  Unlike purely 
simulated signals, measured signals are prone to both 
noise and communication time delays.  These two 
problems were addressed through the introduction of 
low-pass filtering to eliminate sensor noise and lead 
filtering to counterbalance the phase lag introduced by 
the communication time delays.  The lead-lag filter 
design procedure involved operating the engine at 
steady state, and then superimposing sinusoidal engine 
speed and pedal position profiles onto the steady state.  
Repeating this for various frequencies furnished 
empirical transfer functions representing the engine’s 
dynamics and empirical models of the setup’s noise.  
These models were then used to design the lead-lag 
filters through loop shaping, a widely used process 
whose details are omitted for brevity [44, 45].  

The final integration challenge was the virtual driver’s 
inability to follow the rapid fluctuations of vehicle speed 
in the FTP-75 drive cycle accurately.  This drive cycle is 
prescribed by the Environmental Protection Agency 
(EPA) for emissions testing under city driving conditions.  
For certification purposes, it must be followed with an 
error not exceeding one mile per hour for more than one 
second.  This is relatively difficult even for real drivers, 
and EPA allows preview during certification tests.  The 
driver model developed for the EIL study was initially a 
simple PID model with an anti-windup loop.  Adding a 
low-pass filter to attenuate measurement noise and 1-, 
2-, and 3-second previews with proportional preview 



gains proved to be necessary for ensuring desired 
dynamic performance.  The resulting modified driver 
model is shown in Figure 15. 
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Figure 15: Driver model in SIMULINK 

This completes the description of the EIL setup in terms 
of its hardware, software, and integration.  The fidelity of 
the integrated EIL system is assessed by comparing the 
desired and actual vehicle velocity profiles in Figure 16.  
Excellent agreement during the most aggressive 
transient profile in the FTP75 schedule demonstrates the 
achieved accuracy after implementing all system 
refinements.  The following sections highlight some of 
the important results obtained using this setup. 

 

RESULTS – THE EFFECT OF TRANSIENTS IN 
THE CONVENTIONAL VEHICLE ON DIESEL 
EMISSIONS 

This section describes the results of using the EIL setup 
to assess the impact of powertrain transients on 
emissions in the conventional HMMWV configuration.  It 
begins by presenting the drive cycle and overall engine 
exhaust emission trends observed under realistic in-

vehicle conditions.   Next, a technique for characterizing 
the transient contribution to overall particulate and NOx 
emission is explained.  Application of such technique 
reveals large departures of transient emission traces 
from a quasi-steady baseline and points to possible 
causes.  The subsequent section investigates the 
behavior of the hybrid HMMWV configuration and 
explores efficiency/emissions tradeoffs at the vehicle 
level.  While the reader more interested in hybrid vehicle 
results might be tempted to jump to the pertinent section 
immediately, it is important to recognize the importance 
of transient diesel engine emissions to fully appreciate 
the findings of the hybrid vehicle study. 

TYPICAL MEASUREMENTS OVER THE FEDERAL 
URBAN DRIVING SCHEDULE – CONVENTIONAL 
VEHICLE 

Emissions measurements obtained during a driving 
cycle are highly dependent upon the transient operation 
of the engine and the dynamic response of its sub-
systems.  This is demonstrated in Figure 17, which 
shows engine power, pedal position (i.e. driver 
command), NOX and particulate emissions during the 
first 340 seconds of the federal urban driving cycle.  In 
order to follow the desired vehicle speed trace closely, 
the virtual driver modulates the pedal position very 
rapidly, thus producing numerous spikes in engine 
power.  When engine power increases at fast rates, it is 
accompanied by significant spikes in NOX and 
particulates.  NOX emissions are more proportional to 
engine power, while particulate emissions spike upwards 
at the onset of a power increase and then seem to revert 
to relatively moderate values very quickly.  An idling 
interval is also evident in Fig. 17 as a flat portion of the 
pedal position and power curves that begins at ~ 130 
seconds.  During this idling period, both NOX and 
particulate emissions are at nearly constant steady-state 
values.  The actual power level is determined by the 
accessory loads and torque converter stall losses.  In 
contrast to that, the last part of the observed interval, 
i.e., beyond ~300 seconds, is characterized by near-
zero emissions.  This corresponds to vehicle 
deceleration and the asociated zero-power demand.  
The fact that emission trends frequently depart from the 
power level trends, particularly in case of soot, deserves 
more attention.  The next sub-section proposes a 
methodology for identifying transient departures of 
emission levels from regular values expected at steady 
states, and discusses possible sources of transient 
emissions spikes. 

ASSESSING TRANSIENT EFFECTS 

Detailed measurements of instantaneous particulate and 
NOx emissions are obtained during EIL testing using the 
fast Differential Mobility Spectrometer and a Fast-NOx 
analyzer.  However, a technique for establishing a 
reasonable baseline is needed before the transient 
effects can be fully assessed.  Figure 18 illustrates the 
approach taken in this study.  The map of steady-state  
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Figure 16: Target and actual velocity during the first 140 
Seconds of the FTP 75 driving schedule 
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Figure 17: Histories of: a) pedal position, b) engine 
power, NOX, and particulate emissions, during first 340 
Seconds of FTP 75 schedule 
 
 
emissions for a complete range of engine speeds and 
loads is measured first.  The map is then inserted in the 
SIMULINK engine-in-vehicle simulation, such that it can 
provide NOx or PM concentration for any speed/fueling 
combination. Consequently, if speed and fueling 
histories measured in the EIL facility are provided to the 
engine module as input, the emission histories 
corresponding to assumed quasi-steady conditions are 
obtained as output.  In other words, the quasi-steady 
baseline provides estimates of what the emissions would 
be had we marched through the driving schedule point-

by-point and allowed conditions to settle at every step.  
The real instantaneous measurements obtained on the 
EIL setup are then contrasted to this baseline in Fig. 19. 

 

In particular, Figs. 19a and 19b show the instantaneous 
and quasi-steady mass flow rates of particulate and 
NOx, respectively, during the first half of the most 
aggressive vehicle speed profile in the FTP 75 cycle.  
The instantaneous particulate emission trace shows 
significantly higher spikes that precede the quasi-steady 
predictions.  The instantaneous NOx trace demonstrates 
higher upward gradients and higher peaks, as well as 
sharp fluctuations during the 165s – 175s and 190-200s 
intervals. 

In order to interpret these transient trends and 
understand possible causes for significantly higher peak 
emissions than what would be expected based on quasi-
steady estimates, selected engine variables are plotted 
for the same time interval in Figure 20.  The pedal 
position shows driver behavior and in the case of the 
conventional vehicle corresponds directly to the engine 
torque command, and the intake manifold pressure 
illustrates turbocharger response to the commanded 
load changes (see Fig. 20a).  While the command often 
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Figure 18: Methodology for obtaining the quasi-
steady emissions baseline corresponding to 
conditions experienced during a driving schedule 



shows very rapid increases to 100%, the intake manifold 
pressure buildup is delayed due to turbocharger inertia 
and manifold filling dynamics.  Hence, there is a period 
of irregular conditions, where the engine air supply limits 
the amount of fuel that can be burned, mixing is poor 
and the A/F ratio can be significantly higher than under 
more steady operation.  In addition, there may be some 
exhaust residual still lingering in the manifold even if the 
EGR valve is instantly closed.  These transient 
departures have the most effect on particulate emissions 
at the very initiation of the step increase in load, hence 
the advanced phasing of instantaneous PM spikes.  
They cause a tangible increase of integrated area under 
the curve during the transient interval.  In contrast, the 
quasi steady profile basically follows the load, hence its 
peak is aligned with the peak in boost pressure.  

The intensity of transient variations of engine operating 
conditions can be judged from the rates of change of 
engine speed and power, given in Fig. 20b.  The profile 
of the rate of power variations correlates qualitatively 
with the instantaneous NOx trends.  Peaks of dPower/dt 
align well with transient NOx spikes.  Correlation with the 
engine acceleration is weaker (see the 165 second 
interval), hence the increase in fueling/torque is more 
dominant.  In addition, peak NOx emissions have a 
second order dependence on the power level at the 
initiation of the transient.  As an example, the peak 
dPower/dt values at ~187 seconds is higher than at 
~193 seconds, but the NOx spike corresponding to the 
latter is much greater.  The former transient follows a 
period of idling, while the subsequent one begins at a 
much higher initial load level thus yielding more NOx.  In 
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                                                      a)                                                                                       b) 
Figure 19: Comparison of measured transient emissions and predictions based on quasi-steady assumptions and 
steady-state measurements, during a 160 – 220 sec. interval of the FTP 75: a) particulates, and b) NOx  
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Figure 20: Variables characterizing engine system behavior during a 160 – 220 sec. interval of the FTP 75: a) pedal 
position and measured intake manifold pressure, and b) rates of change of engine speed and power.  
 
 



summary, quantitative analysis suggests a very high 
magnitude of transient effects on emissions, and 
obvious shortcomings of any approaches based on 
steady-state measurements.  

RESULTS – THE EFFECT OF HYBRID POWER 
MANAGEMENT ON FUEL ECONOMY AND 
EMISSIONS 

A fuel economy comparison of vehicles with the 
conventional and hybrid powertrain is shown in Figure 
21.  The results are obtained by direct measurement 
during the EIL testing.  Both hybrid vehicles experienced 
an improvement in fuel economy over the FTP 75, 
compared to the conventional vehicle.  The rule-based 
hybrid improved economy by 3.5%, while the SDP 
hybrid enabled an 18 % increase over the baseline.  It 
should be noted that these results were obtained without 
any changes to the engine.  Extracting the ultimate 
potential from hybridization would likely involve 
downsizing the engine, and enabling virtual scaling is 
one of the planned future refinements of the EIL 
methodology.   

The hybrid’s fuel economy improvement is attributed to 
the reduction in the engine average power production 
over the driving cycle (20.2 kW for the conventional 
vehicle, 18.5  kW for the rule-based HEV, and 15.1 kW 
for the SDP controlled HEV).  When the engine 
produces less average power over a driving cycle, it 
consumes less fuel.  This reduction of average power in 
hybrid configurations is due to the use of regenerative 
braking and subsequent re-use of stored energy in 
power assist events.  Recalling the torque histories in 
Fig. 14, it can also be argued that frequent switching 
between the engine and the motor ensures a more 
efficient use of the engine in the SDP controlled system.  
The lower power level in case of the SDP hybrid is not 
linked to the lower torque levels, but rather to shorter 
intervals of engine operation under load.  

Figure 22 reveals the impact of vehicle configuration on 
NOx emission formation over the FTP 75.  Both the rule-
based and the SDP hybrid control strategies reduced 
NOx emissions by one-third when compared to the 
conventional vehicle.  Prior to examining transient 
profiles, the reduced average power level is the only 
factor that can be correlated with the reduced NOx in 
hybrids.  

Measured particulate emissions over the FTP 75 are 
given in Figure 23 on a g/mile basis. The histogram 
reveals somewhat unexpected large increase of hybrid 
vehicle’s particulate emissions.  The rule-based hybrid 
produced 141% more particulates and the SDP hybrid 
emitted 247% more particulates than the conventional 
vehicle.  This can only be due to transients in the hybrid 
system dictated by the power management.  Since 
hybrid control strategies were aimed at reducing fuel 
consumption they favor engine operation at high-load, 
where it is most efficient, and at idle, where the fuel 

consumption is low.  However, a significant number of 
transitions occur between idle and high-speed, high-load 
operation during a driving schedule.  Detailed 
measurements obtained in the EIL test cell can shed 
more light on the transient phenomena and the cause for 
a large increase of particulate emission. 
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Figure 21: FTP 75 fuel economy of the conventional 
vehicle, rule-based and SDP hybrid vehicle. 
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Figure 22: FTP 75 cumulative NOx emissions of the 
conventional vehicle, rule-based and SDP hybrid vehicle 
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Figure23: FTP 75 particulate emissions of the 
conventional vehicle, rule-based and SDP hybrid 
vehicle. 



The transient behavior of the engine system in the 
conventional and hybrid SDP powertrain is examined in 
Figures 24 and 25.  Engine command and particulate 
emission traces during the relatively aggressive interval 
in the city driving schedule are compared in Figures 24a 
and 24b.   The driver sends aggressive signals to the 
engine in the conventional powertrain only at the 
initiation of hard acceleration at the beginning of the 
interval (see Fig 24a).  A large spike in soot emission is 
visible in the first ten-second segment, while the rest of 

the trace follows the commanded load relatively closely.  
In contrast, the SDP algorithm initiates frequent 
switching between zero-demand and near-100% 
demand.  While engine operation at high load increases 
efficiency, it comes with a price, i.e. every step increase 
in engine command is accompanied by a spike in 
particulate emissions.  This clearly illustrates a tradeoff 
between  fuel  economy and  soot emission at the 
vehicle level, when power management is aggressively  
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Figure 24:  Comparison of transient engine torque command and measured particulate emission signals in the: a) 
conventional and b) hybrid propulsion system with SDP power management.   
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Figure 25:  Comparison of transient engine speed and measured NOx emission signals in the: a) conventional and b) 
hybrid propulsion system with SDP power management. 

 
optimized for best efficiency.  Coming off the high load 
intervals initiates frequent deceleration events in the 
hybrid system, as seen in Figure 25b.  Deceleration 
events are accompanied with zero fueling, thus the 

corresponding dips of NOx emissions seen in Fig. 25b.  
This reduces the area below the NOx curve and 
decreases the cumulative amount of nitric-oxides for the 
test. 



In summary, the particulate emission profiles and 
extremely high peaks provide convincing evidence that 
power management of modern hybrids cannot be based 
only on fuel economy or steady-state emission 
considerations.  An engine-in-the-loop technology allows 
insight into critical dynamic conditions as a necessary 
first step.  Characterization of transients provides a basis 
for further work on devising engine-level (e.g. multiple 
injection) or vehicle-level (e.g. including emission 
constraints in optimal power management) strategies. 

CONCLUSIONS  

A real 6L V8 diesel engine was immersed in the virtual 
vehicle system to develop engine-in-the-loop capability.  
Two critical enablers were an advanced, highly-dynamic 
dynamometer setup and a suite of vehicle models with 
appropriate fidelity.  The study emphasizes fundamental 
aspects of transient diesel emissions in the context of 
hybrid propulsion.  Hence, the EIL setup included 
advanced engine instrumentation for monitoring key 
engine processes, as well as a fast NOx analyzer and a 
fast particle sizer (differential mobility spectrometer).  
This allowed detailed analysis of the effect of transient 
engine operating conditions on the instantaneous 
emission of pollutants.  On the modeling side, a 
previously developed vehicle system modeling platform 
allowed reconfiguring of the vehicle architecture for 
evaluating different propulsion options for a medium off-
road truck.  In particular, a 4x4 conventional powertrain 
for the HMMWV was configured with a four-speed 
automatic transmission, while a hybrid option employed 
a parallel architecture with a post-transmission electric 
motor location.  Two power management strategies 
were developed, based on a traditional rule-based 
approach and a stochastic dynamic programming 
technique, respectively.  Proper modeling was used to 
enable real-time simulation, while preserving a required 
degree of fidelity.   

The development of the EIL setup utilized a Matlab-
SIMULINK interface provided by the vendor of the 
dynamometer and the accompanying control system.  
The implementation uncovered several integration 
challenges, such as the signal noise and stability issues, 
time delay in signal processing and inadequate cyber-
driver response.  These issues were addressed by 
reversing the causality of the torque converter model, 
the implementation of lead-lag filtering, and by 
introducing preview in the driver model.  

The engine coupled to the virtual conventional and 
hybrid vehicle system was tested over the federal urban 
driving schedule.  The analysis of results shows the 
following: 

• Engine transients have very significant impact on 
instantaneous NOx and soot emission, with 
significant spikes occurring during initial phases of 
vehicle acceleration events. 

• Transient particulate emissions show the largest 
departure from quasi-steady estimates at the 

initiation of a sudden load increase, thus causing 
advanced phasing of instantaneous PM spikes.  The 
conditions are characterized by turbo lag, i.e. low 
boost and poor mixing, and remnants of exhaust 
residual from preceding steady conditions. 

• Transient NOx emissions correlate qualitatively with 
the rate of engine power variation.  Peak values are 
significantly higher than quasi-steady estimates. In 
addition, there is a second-order dependence on the 
power level at the initiation of the transient.   

• Hybridization of the HMMWV powertrain provides 
tangible improvements in fuel economy and NOx 
emissions, accompanied by a particulate emission 
penalty.   

• The stochastic dynamic programming strategy 
enhances both the benefits and the penalty, with an 
18% increase in fuel economy and more than 
doubling of particulate emission.  This is attributed to 
the tendency of the algorithm to frequently switch 
between engine-only and motor-only operation.  This 
places operating points of either component into a 
more efficient region, but every step increase in 
engine command is accompanied by a spike in 
particulate emissions.  The reduction of NOx is 
attributed to frequent deceleration events 
accompanied with zero fueling.  This more than 
offsets transient increases of instantaneous NOx 
emission during acceleration.   

The observed tradeoff between the hybrid vehicle fuel 
economy and soot emission provides convincing 
evidence that power management of modern diesel 
hybrids cannot be based only on fuel economy and 
steady-state emission considerations.  Rather, it 
requires characterization of transients as a basis for 
devising engine-level or vehicle level strategies.  An 
example of the former would be multiple fuel injections 
or advanced intake-air handling, while the latter requires 
including emissions as constraints or part of the 
objective function in optimal power management 
approaches. 
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