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The waste heat from exhaust gases represents a significant amount of thermal energy, which has conventionally been used for
combined heating and power applications. This paper explores the performance of a naturally aspirated spark ignition engine
equipped with waste heat recovery mechanism (WHRM) in a sedan car. The amount of heat energy from exhaust is presented and
the experimental test results suggest that the concept is thermodynamically feasible and could significantly enhance the system
performance depending on the load applied to the engine. However, the existence of WHRM affects the performance of engine by
slightly reducing the power. The simulation method is created using an artificial neural network (ANN) which predicts the power

produced from the WHRM.

1. Introduction

The number of motor vehicles continues to grow globally and
therefore increases reliance on the petroleum and increases
the release of carbon dioxide into atmosphere which con-
tributes to global warming. To overcome this trend, new
vehicle technologies must be introduced to achieve better fuel
economy without increasing harmful emissions. For internal
combustion engine (ICE) in most typical gasoline fuelled
vehicles, like a typical 2.0 L gasoline engine used in passenger
cars, it was estimated that 21% of the fuel energy is wasted
through the exhaust at the most common load and speed
range [1]. The rest of the fuel energy islost in the form of waste
heat in the coolant, as well as friction and parasitic losses.

Since the electric loads in a vehicle are increasing due to
improvements of comfort, driving performance, and power

transmission, it is therefore of interest to utilize the wasted
energy by developing a heat recovery mechanism of exhaust
gas from the internal combustion engine. It has been iden-
tified in [2] that the temperature of the exhaust gas varies
depending on the engine load and engine speed. The higher
the engine load, the higher the temperature of the exhaust
gas. Significant amounts of energy that would normally be
lost via engine exhausts can thus be recovered into electrical
energy. Theoretically, the energy from the exhaust gas can be
harnessed to supply an extra power source for vehicles that
will result in greater efficiency and also an overall reduction
in greenhouse gas emission.

The recent technologies on waste heat recovery of ICE
consist of low grade heat from cooling system and high grade
heat from exhaust system. For low grade waste heat, the
organic Rankine cycle is the favourite choice to recover waste



energy [3], whereas for high grade heat several techniques to
recover the energy can be applied such as the thermoelectric
generators [4, 5], the turbochargers [6-8], the turbocom-
pounds [9-12], the Rankine cycle system [13, 14], the heat
pipe [15], the air conditioning [16], the emission reduction
[17], and the power turbine of waste heat recovery mecha-
nism [18]. The approaches lead to theoretical, simulation, or
experimental works that may improve the brake specific fuel
consumption (BSFC) that means better overall efficiency.

The attractive methods to be explored are turbochargers,
and turbocompounds due to the simple construction and low
cost. This is because the potential to produce higher output
power and the potential to improve BSFC and efficiency
are promising. To improve the performance of turbocharger,
several studies in [6, 19-21] used electrical motor assisted
or integrated starter generator (ISG) for turbocharger or
for parallel hybrid power system on a diesel engine [6].
The aim of this method is to improve the fuel economy of
diesel homogeneous charge compression ignition (HCCI)
that results in increasing in fuel economy, reducing the
soot emission, and NO,, emission by 10.9%, 6%, and 12.1%,
respectively [6]. The electrical motor assisted turbocharger
is the integration of a high-speed 7.5kW electric motor-
generator within a standard turbocharger of a heavy-duty
vehicle, where the purpose of this system is to improve the
fuel economy and turbo-lag. As a result, this system on an
urban bus, the fuel economy can be improved by at least 6%
depending on the actual driving cycle. An electrical assist
motor can reduce turbo-lag by typically 50% [19-21].

Many studies on the turbocompound are in terms of con-
trol strategy [10], parametric geometry [9], dynamic model
and characteristic [11, 22], and behaviour of turbocompound
based on operating charts for turbocharger component and
power turbine [23]. Reference [24] claimed that the appli-
cation of a turbocompound system is profitable, especially
for heavy loaded engines, which can improve power, torque,
and fuel consumption by 10-11%, 11%, and 5-11%, respec-
tively.

In control strategy, [10] describes control system devel-
opments for an electric turbocompound system on heavy-
duty diesel engines. The simulation results done by [10]
indicate that at the rated power the fuel consumption of
Class 8 on-highway truck engine would be reduced by
almost 10%. Considering a typical road load for an on-
highway truck, where the engine prevailing operating regime
is at 1500 rpm and loads fluctuated between 25% and 50%,
overall reduction in fuel consumption is estimated to be
around 5% [10]. Reference [9] presents a set of parametric
studies of power turbine performed on a turbocompound
diesel engine by means of turbine through flow model. By
using simulation model, the result is verified and validated
with engine performance test data and attained reasonable
accuracy. The parametric studies are conducted to analyse the
influence of turbine parameters (blade height, blade radius,
and nozzle) on engine BSFC, power, expansion ratio, air mass
flow rate, and exhaust temperature. As a result, the geometry
parameters of turbine (blade height, blade radius, and nozzle
exit blade angle) have significant effects on engine BSFC and
power [9].
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For our concern, there is no application of turbocom-
pound without a turbocharger system in the internal com-
bustion engine. Therefore, this condition is an opportunity to
study on the power turbine (turbocompound) at the naturally
aspirated spark ignition internal combustion engine that has
no turbocharger system, where most studies from literatures
are using diesel engines, not a spark ignition engine.

In this study, a simple novel waste heat recovery mecha-
nism (WHRM) is proposed on a passenger car. The WHRM
is a device adapted from a turbocharger module, where the
compressor part is replaced with a DC generator to produce
an output current and voltage. This simple and low cost
structure with straightforward energy recovery and with a
simple control system is expected to be a great alternative
application for an energy recovery system.

Artificial intelligence that has been used in many fields
and applications in automotive engineering proved that
relationship among different dependent and independent
variables or factors could be simulated and modelled to
predict or help to make a decision to obtain optimum energy
recovery. In this study, artificial neural network (ANN) is
selected to do the modelling that simulates the correlation of
several variables and factors that affect the output power of
waste heat recovery mechanism.

In related internal combustion engine studies, the neu-
ral network has been selected for prediction [25-28] and
optimization [29]. Reference [30] used neural network for
investigating the relative contribution of operational param-
eters on performance and emission, which is applied on the
common-rail diesel engine, while [31] used neural network
and incorporated them into conventional mean value models
that can present a real-time model with high accuracy and
fidelity for spark ignition engine.

ANN is an algorithm that mimics the way human brains
do thinking. The more information and trials given through
the code produce much better results. This is called training
the ANN code. Further reading on ANN can be found in [25-
31].

The ANN model has capability to identify, learn correla-
tive pattern, and map even complicated relationships between
set of input data and corresponding target values. Compared
to the neural network model, traditional prediction models
have been developed with a fixed equation based on the
limited number of data and parameters. If new data is quite
different from original data, then the model would update not
only its coeflicients but also its equation form. In other words,
ANN model does not need such a specific equation form.
Once the ANN model is trained, the new input pattern can
be put to forecast another output. Instead of that, the neural
network model needs enough input-output data. Also, it can
continuously retrain the new data set, so that it can adequately
adapt to new data.

2. Experimental Setup

The experiment was performed on a Toyota vehicle having
L.6-litre inline four-cylinder gasoline engine. Table 1 shows
the specification of the test engine.
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FIGURE 1: Schematic layout of the experimental setup of waste heat recovery mechanism.

A schematic diagram of the experimental setup is shown
in Figure 1. A 75-Watt bulb and 100-Watt bulb were used as a
load causing the DC generator to produce an output current
and voltage which were recorded in a computer through USB
digital multimeter. The air duct to the intake manifold of
engine was equipped with a pitot tube digital anemometer
to measure the volume flow rate of the intake air. The engine
speed and the WHRM turbine speed were continuously mon-
itored using an optical tachometer allowing the digital data
to be recorded in a computer through USB data acquisition
module. This was also applied for the data of the throttle
position for intake air captured using the existing throttle
sensor in the experimental vehicle. The test was conducted

on the road with variable vehicle speed up to 70 km/h with
normal driving and full throttle driving to measure the
performance of engine with and without WHRM. Some
features of the instrumentation are summarized in Table 2.
This study was conducted on the road since there are limited
studies doing this method as such [32]. The finding of this
study will contribute an important knowledge due to the
real load condition, where using the dynamometer is quite
difficult for interpreting the real load conditions from the
simulated load.

To determine the performance of the engine at full throt-
tle, a simulation program is conducted. This simulation is
created in Matlab Simulink environment. The simulation uses
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FIGURE 2: Modified demo Simulink program.

the demo Simulink program [33] with some modification to
suit the target. From the simulation, we can get the power
and torque of the engine experimental vehicle. The results are
needed to compare between before and after implementation
of waste heat recovery mechanism, which can then determine
whether these mechanisms affect the performance of the
engine or not. Figure 2 shows the original demo Simulink
program and the modifications made.

3. Results and Discussion

Figures 3, 4, and 5 show the exhaust as a function of engine
speed with each time of a second parameter of exhaust
temperature, air flow rate, and throttle angle.

The heat energy from exhaust is depending on the
engine speed and exhaust temperature; however there are
some behaviours not accomplished in this argument. This
is because the experimental work was conducted on the
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FIGURE 3: Heat energy from exhaust gas of experimental vehicle on
engine speed and exhaust temperature.
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FIGURE 4: Heat energy from exhaust gas of experimental vehicle on
engine speed and air flow rate.
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FIGURE 5: Heat energy from exhaust gas of experimental vehicle on
engine speed and throttle angle.

TABLE 1: Specifications of the test engine.

Specification
DOHC 16 valves
Multipoint fuel injection

Type
Valve train

Fuel system

Displacement 1587 cc (inline)
Compression ratio 9.4:1

Bore 81mm
Stroke 77 mm
Power 112 Hp @ 6600 rpm
Torque 131 Nm @ 4800 rpm

road where no parameter was controlled or fixed. The
measurement is based on the normal driving on the road,
resulting in the dynamic and transient conditions. The heat
energy from exhaust varies in the range of 500 W up to almost
20 kW, which is in good agreement with [34] where the heat
energy is in the range of 5kW and can reach up to 23 kW.
Air flow rate gives a significant effect on the heat energy.
When the engine speed and exhaust temperature are high,
but air flow rate is low, the heat energy follows the air flow
rate consistently.

In terms of throttle angle, the increase of throttle angle
will increase the heat energy as shown in Figure 5. By applying
around 10 to 30 degrees for the normal driving, we can
produce 2kW to 12kW of heat energy. However, at the full
throttle done on the road where the throttle angles are almost
90°, the heat energy value may not be the maximum. This
can be attributed to other factors in dynamic and transient
conditions. Therefore, to optimize the heat energy from
exhaust, we need to increase the throttle angle and load;
thus consequently the engine speed, exhaust temperature,
and air flow rate will increase. By configurating all of these
parameters on the optimum value, the heat energy from
exhaust can be generated at the optimum condition. It can
be obviously seen that the waste heat energy is high (500 W
to 20 kW). Hence, recovering this waste heat energy from
exhaust system is worthwhile.

Figure 6 shows the measured data of the parameters
which included the normal driving test and full throttle test.
Both tests are clearly differentiated by seeing the throttle angle
curve, where showing the highest throttle angle achieved
(around 87°-88") was a full throttle test. The full throttle test
is tested on the road only for determining the performance of
the experimental vehicle in terms of engine power and torque
for comparison to vehicle with or without WHRM, not as
normal driving.

Also in Figure 6, correlations between all the parameters
can be clearly observed; for instance, the air flow rate
influences the engine speed, and the higher air flow rate
results in a higher engine speed. The change of throttle
angle also affects directly the air flow rate, engine speed, and
WHRM turbine speed, which eventually changes the output
current and voltage accordingly. However, while driving, the
load is not known.

In full throttle test, two conditions were applied, which
were 2nd- and 3rd-gear positions at the start. It is clearly
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TABLE 2: Details of the instrumentation used in the experiment.

Instrument Range Uncertainty
Extech Pitot tube anemometer for air volume flow rate (m?®/min) 0-99,999 +3% rdg.
Existing throttle sensor for throttle angle (degree) 0-90° —
Compact optical tachometer for engine speed (rpm) 100-60,000 rpm +0.5%
Compact optical tachometer for power turbine (rpm) 100-60,000 rpm +0.5%
ProsKit USB multimeter for voltage (V) 0-600V +(0.5% + 4d)
ProsKit USB multimeter for current (A) 0-10 A +(1.2% + 10d)
rdg. = reading.
d = digits.
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FIGURE 6: The measured data from the experimental vehicle with WHRM.
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FIGURE 7: Power generated from WHRM.

shown that the turbine speed can get higher power value at
the 2nd-gear position compared to that at the 3rd-gear condi-
tion. At the 2nd-gear position for initial, the engine produces
a higher torque to start moving and easily achieved 7000-
8000 rpm of engine speed within a few seconds; however in
the 3rd-gear condition, the engine would have lower torque
causing difficulty in getting engine speed of 7000-8000 rpm
in few seconds.

In terms of voltage and current generated by the genera-
tor, the higher voltage can be seen at the load of 100 W/48 V
as high as 42 volts; however the higher current is at the
load of 75 W/24V as high as 3.3 A. This is due to the torque
of the generator. The load of 100 W/48V generates lower
torque for the generator; thus high rpm of turbine can be
achieved resulting in higher voltage produced. However, this
load has less current to produce due to higher voltage of load.
Correlation between torque and current is directly related,
where higher current will give a higher torque. Low voltage
with higher wattage of load can create a higher current for
generator.

Figure 7 shows the power generated from WHRM. It
is clearly shown that the load of 75W/24V can generate
higher power as high as 109 W compared with the load of
100 W/48V, even though the voltage produced from load
of 75W/24V is slightly less than the load of 100 W/48V.
Figure 7 also reveals that the performance of WHRM is
significantly influenced by the fluctuation of throttle angle, air
flow rate, and engine speed during the normal driving and full
throttle driving, which results in the power of WHRM being
fluctuant. This behaviour also was reported in [34] which
explains that it could be difficult to capture a consistent output
power of a WHRM. The estimated assembly cost is around
Malaysian Ringgit of 2000.00.

Figures 8 and 9 show the power and torque of the
experimental vehicle, respectively. It can be seen that the
WHRM affects the performance of the experimental vehicle,
where the vehicle without WHRM has slightly higher power
than the vehicle with WHRM. This is because of the back
pressure created from the turbine. The stream of exhaust gas
that should be released through the exhaust pipe smoothly
was suddenly blocked by the presence of turbine, causing the
exhaust system being disturbed. Finally, the power of vehicle
becomes slightly decreased from the original power. Another
reason is that the experimental vehicle used a naturally
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FIGURE 8: Power of the experimental vehicle with and without
WHRM (value in kW).
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aspirated engine, which is not designed to have higher back
pressure at the exhaust. The turbocharger engine is more
suitable for this circumstance.

The torque of vehicle both with and without WHRM
shows a similar value. Therefore the existence of WHRM in
the experimental vehicle does not affect much the perfor-
mance of vehicle in terms of torque.

To predict the power produced from the power turbine,
artificial neural network is used to generate mathematical
model to determine power produced from several different
parameters. Power produced sets as a target and other
parameters set as inputs. To select these parameters as
inputs, the importance of dependent parameters is needed.
Figure 10 shows the importance of parameters to the power
produced as a dependent parameter. Here, we can see the
strong influence of independent parameter on the dependent
parameter by giving a value as F-value. The more the F-value
is showed, the higher this independent parameter influences
the dependent parameter.

Figure 10 clearly shows that the highest importance
parameter is the power turbine speed, followed by throttle
angle, air flow rate, and engine speed, respectively. However,
power load and voltage load give smallest values of impor-
tance to the power produced suggesting these parameters are
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not highly relevant to power produced. Based on these results,
four simulations of ANN using different input parameters
were conducted. The simulation starts from selecting three
highest importance values parameters, followed by adding
one or more input parameters as needed.

About 70% of data set is used as data training, 15% as
data test, and 15% as data validation as suggested by [25-
31]. The data test and data validation are data excluded from
data training. The introduction of this earlier ANN analysis
is conducted using computer software STATISTICA version
6 from StatSoft, Inc. (Dell software). The automated neural
network is selected to run the simulation.

Figure 11 shows the performance of data training,
data test, and data validation on three, four, five, and six
parameters as input parameters. The ANN analysis sug-
gests the network architecture using multilayer perceptrons
(MLP), which is a feed-forward neural network architecture
with unidirectional full connections between successive lay-
ers and applies Broyden-Fletcher-Goldfarb-Shanno (BFGS)
algorithm of iterative techniques to train the data.
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As shows in Figure 11, the performance of data training
is increasing with increasing number of input parameters,
similar to data test from four input parameters to higher input
parameter. The maximum performance value is 1 when the
experimental data is equal to the simulation data. However,
the performance of data test at the three input parameters
constitutes highest performance. This, however, affects the
data validation. Performance of data validation has the
highest performance at four input parameters, but it recorded
low performance of data training and data validation. Based
on the performance in Figure 11, MLP 6-5-1 is being selected
as a model to be used for prediction of power produced from
power turbine with six input parameters, which are power
turbine speed, throttle angle, air flow rate, engine speed,
power load, and voltage load.

The correlation between power generated and predicted
power generated can be seen in Figure 12. It shows that all data
(data training, data test, and data validation) rather accurately
scattered near to gradient line (equal to 1) of the prediction
model. It means that the ANN can mostly predict the power
generated from the six different parameters.

After the ANN analysis, a summary of the network can
be seen in Figure 13. The architecture of MLP 6-5-1 of ANN
consists of input layer from power turbine speed, engine
speed, throttle angle, air flow rate, voltage load, and power
load, the 5 neurons of hidden layer, and the output layer of
the power produced. Each connection is set to the specific
weight and bias.

From the architecture of MLP 6-5-1 in Figure 13, we can
generate mathematical model based on input, weight, and
bias to determine heat energy. The activation function of
each hidden layer is a hyperbolic tangent and the activation
function of output layer is an identity. The model is described
as follows:

P =0.85246 * h, + (-1.17782) * h, + 1.80886 * h;

+0.69987 = hy + 1.77300 * hy — 0.24312,

i

el_e_il
=g
e +e™
e —e™
b=
e2 t+e 2
e —eh
h=
e +es
ei—eh
h= S
el + e
e —es
hs =
es+e’s

i; = (—3.28554) * Ny +0.23411 * N + 0.85576 = t,

+1.06459 % V, + (~1.09712) * V,

+(~1.83310) * P, — 0.05865,
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i, = 1.16421 % Ny + 0.53723 % N +0.44149 = t,,
+0.00868 * V, +0.77011 % V; + 0.46780
% P, - 0.90520,

iy = 1.21601 * Ny + (~1.61180) * N + 1.78914 = t,,
+(=0.16310) * V, + 1.03280 * V; + 0.01030
* P, — 0.47420,

iy = (~2.26928) % Ny + (=0.05119) * N + 0.08974
sty +(=1.91959) * V, +0.31741 * V,
+0.09586 * P, — 0.65251,

is = 0.57925 * Ny + 0.33456 * N + (~0.42188) x f,,
+0.68826 * V, + 0.63657 * V, + (~0.02357)
% P +0.35968.

)

A graph between the experimental power produced and
the predicted heat energy is shown in Figures 14 and 15. It can
be seen that the ANN simulates the power produced for the
entire range of the patterns with good agreement. It means
that the ANN analysis can predict power produced that
almost 90% of experimental data can be predicted. However,
the higher value of power produced could not be tackled by
ANN since the results from the experimental vehicle were
obtained from a dynamic, nonlinear condition, which might
lead to greater uncertainty in the measured results.

Figure 14 shows that the data training is mostly fitted.
The simulation can be seen to follow the trend of the
experimental data, although disagreement can be observed
at some of pattern, where the simulation underestimates the
experimental results.

For the data test and data validation sets, comparisons
between the experimental results and the ANN prediction for
the power produced using 5 hidden neurons are presented
in Figure 15. The total of data test and data validation is
30% of total data set. It means 30% of data set of engine
speed, throttle angle, air flow rate, voltage load, and power



10

Input layer

Power turbine speed —3.28554

(N7) (rpm)

Engine speed (N)
(rpm)

Throttle angle (t,)
(deg)

Air flow rate (V)
(m3 /min)

Voltage load (V7) (V)

Modelling and Simulation in Engineering

Hidden layer

3
é\ey
~; , 2
7;&2

Output layer

1.80886 Power produced

(P) (W)

Power load (Pp) (W)

\
—

FIGURE 13: The architecture of MLP 6-5-1 of ANN for prediction of power produced from power turbine speed, engine speed, throttle angle,

air flow rate, voltage load, and power load.
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FIGURE 14: Power produced from experimental results and from
prediction ANN analysis on data training.

load as input parameters and power produced as output
parameter, not being used for training purposes, can mostly
predict the power produced by using the algorithm model
generated from ANN analysis, although disagreement also
can be observed at some points of the pattern, where the
simulation underestimates the experimental results and at
some other points overestimates the experimental results,
which is similar to the data training sets simulation.

4. Conclusion

Utilization of waste heat energy from the exhaust gas using a
WHRM system in a spark ignition engine has been reported.
The system has been proven to produce current up to 3.5A
and voltage up to 24V at normal driving with less traffic.
However, the existence of WHRM affects the performance of
engine by slightly reducing the power. The ANN prediction
model is developed to give reasonably good agreement with
the measured data, although few simulation results show
disagreement. The proposed system could become a potential
energy recovery tool that can be stored in the auxiliary battery
to be used for electrical purposes such as air conditioning,
power steering, or other electrical/electronic devices in an
automotive vehicle.
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