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Abstract 

The increasing demands from governments on the engine manufactures 
to lower the fuel consumption, lower the exhaust emissions and to reduce 
the noise have lead to an intensive research in the combustion process. 
Measurement of the combustion process inside the cylinder is only suitable 
in laboratory environment due to a number of limitations; the pressure 
transducer needed to measure the pressure is expensive, difficult to mount 
in the cylinder and has a limited lifetime that is much shorter than the 
engine's lifetime. Demands of on-board diagnostics where the combustion 
process is continuously monitored, on production vehicles have created 
a need for a method to indirectly measure the combustion process. The 
two main indirect methods are vibration measurement based reconstruction 
and crankshaft angular speed measurement reconstruction. The combustion 
process give rise to vibrations in the engine body that in the former method 
is measured with an accelerometer and the pressure can be reconstructed by 
using inverted transfer functions. 

The idea behind the latter method, the crankshaft angular speed 
reconstruction method, is that when one cylinder fires the produced torque 
is higher than the load torque and the crankshaft accelerates. As next 
cylinder goes into compression the total load torque increases and the 
crankshaft speed will decrease. This is repeated when the next cylinder 
fires and the produced crankshaft speed fluctuations will then contain 
information about the combustion and compression that caused it. In this 
thesis an indirect method to predict the maximum cylinder pressure is 
developed based on the crankshaft speed fluctuations combined with neural 
networks. The speed fluctuations were measured on a 6-cylinder  inline  
diesel engine at 9 speed-load-combinations. 

A two layer (one hidden and one output layer) feedforward neural 
network was trained with the backpropagation algorithm. The prediction 
accuracy for piflax  was found to be better than ±5 % at 95%-confidence 
interval for the validation set. 

Another important parameter for the engine control and for optimising 
the fuel efficiency at the same time as the exhaust emissions are kept to a 
minimum, is the position of the pistons most upper position,TDC (top dead 
centre). The TDC position is normally measured mechanically with means 
that need access to the cylinders (the cylinder head has to be removed). This 
method is time consuming and therefore expensive and because of that not 
used on production engines. Several indirect methods to measure the TDC- 



positions have been suggested. Either based on measured cylinder pressures, 
that again need a pressure transducer mounted in the cylinder, or on the 
crankshaft speed fluctuations. 

An indirect method based on the speed fluctuations, that are measured 
when the starter motor rotates the engine with turned off ignition, is 
developed. From the measured crankshaft speed fluctuations the TDC-
positions can be determined either by curve fitting or with neural networks. 
The TDC position determined by curve fitting has a bias error, due to the 
out-of-phase acceleration component in the crankshaft that are induced by 
the starter motor, but also caused by heat exchange between the compressed 
gas and the cylinder walls and gas. The results from the neural network were 
found to be better and the TDC-position for all 6 cylinders was determined 
within ±0.1 degree crank angle at 95%-confidence interval. 
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1. Introduction 

Higher demands from the governments on the engine manufactures to 
lower the fuel consumption, lower the exhaust emissions and reduce the 
noise have lead to intensive research and development in the combustion 
process. Combustion pressure waveform measurement and analysis plays an 
important role in the improvement of performance, emissions control, noise 
control and condition monitoring in internal combustion engines. 

Direct measurements of the pressure inside the cylinders with a pressure 
transducer are not suitable outside the laboratories due to a number of 
limitations. For the measurement a high performance pressure transducer 
has to be used and the harsh environment in the cylinder gives the 
transducer a limited lifetime, which make the method expensive. It's also 
hard to find a good place to mount the pressure transducer and effort has to 
be maid to avoid errors due to calibration, wave propagation, and deposits 
in the transducer and passages. 

A lot of effort has been made to find a stable and reliable method 
to reconstruct the pressure waveform from indirect measurements. Two 
different approaches have been investigated for over the last twenty years: 

• Vibration measurement based reconstruction. 
• Crankshaft angular speed measurement reconstruction. 

Vibration measurement based reconstruction. 
The pressure change in the cylinder causes the engine to vibrate and 

these vibrations can be measured with an accelerometer on the engine 
surface. Based on the measured vibrations the pressure pulse can be 
reconstructed using inverse filtering based on the transfer function between 
direct measurements (pressure) and indirect measurements (vibration). The 
method is based on the hypothesis that a linear correlation exists in the 
frequency domain between the pressure, p(t), in the cylinder and the 
vibrations, a(t), on the engine. This leads to: 

P(0)) H(w) • A(w) 	 (1.1) 

P(0)) and A(0)) are the Fourier transform of the pressure and vibration 
signals, respectively. H(0)) are the linear link, called frequency response 
function  (FRF).  The accuracy of the hypothesis of linearity between 
pressure and vibrations are verified by calculating the coherence, 72: 
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1
Gn,  (co) 

y2 (0)) 	 r- 

Gpp  (CO) • G(o) 
(1.2)  

G  Pa(w)  is the cross-spectrum between the pressure and vibration signals 
and  G  (w) and G(co) their auto-spectra, respectively. For perfect linearity 

PP 	 aa 

the coherence will be 1 and for no linear relationship the coherence is 0. 
If there is a linear connection between pressure and vibration, then the 
pressure can be reconstructed from the vibration signal by using: 

P(w) = Fri  (w) • A(w) 	 (1.3) 

This method has been used by a number of researchers [1-4]. It has 
been shown that for a given load and speed there is a linear or at least 
almost linear connection between pressure and vibrations on the engine 
head [1-4] under certain conditions. But the point where the vibrations are 
measured has to be chosen carefully and the signals have to be windowed 
with appropriate windows. The coherence between pressure and vibrations 
are lower at higher speeds [2] indicating either nonlinearities or that there 
are other sources to the vibration than the pressure change. 

One transfer function H(w) can be used to reconstruct the pressure 
pulse for different loads but not for different speeds [2-4], since the  FRF  
varies more with speed than with load. When using the  FRF-method to 
reconstruct the force (pressure) there will be problems as the  FRF-matrix  is 
of nature ill-conditioned [2]. A small amount of noise in the response data 
yields dramatic results especially in correspondence of antiresonances of the  
FRE  

To be able to reconstruct the basic shape of the pressure pulse it is 
enough to use frequencies up to 600 Hz [1] but the result from these 
reconstructions can only be used for diagnostic purposes. Using frequencies 
up to 600 Hz limits the method to predict the maximum pressure while the 
pressure slope wont be correct.To get a better approximation of the pressure 
pulse higher frequencies have to be used. There is however a problem 
that mechanical disturbances will lower the correlation and deteriorate the 
reconstruction accuracy. None of the mentioned researchers have showed 
acceptable correlation above 2-3kHz. This frequency limit together with 
the distortion in the compression part [5] makes it impossible to use the 
reconstructed pressure pulse for prediction of start of combustion (SOC). 
The accuracy for maximum pressure with the  FRF-method so far is 
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5-10%. 
One way to take the method a step further and improve the results is 

to use cepstrum analysis [2-4,6]. The cepstrum analysis will not be further 
discussed here but the main advantage is that the convolution becomes 
additive and the source and transfer function contributions thereby become 
more easily separated [4]. It has been shown that the cepstrum method gives 
better results than the  FRF  method [2-4]. The vibration-based approach 
will not be further discussed in this thesis. Still unpublished research in our 
laboratory has shown that cepstrum together with new developed windows 
gives an accuracy for the maximum pressure of 2-5 %. 

Crankshaft angular speed measurement reconstruction 
The basic idea behind the crank angular speed measurement 

reconstruction is quite simple.When a cylinder fires the torque will increase 
above the torque caused by the external load and this causes the crankshaft 
to speed up. As next cylinder goes in to compression the torque will 
drop below the external torque and the crankshaft speed will decrease. 
The whole procedure is repeated as next cylinder fires. The result is a 
fluctuating waveform of engine speed versus crank angle that clearly must 
contain information about the cylinder-by-cylinder combustion pressure 
that produced it. This reconstruction method will be further explained in 
next chapter. 

3 
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2. Crankshaft speed analysis 

As already mentioned, the crankshaft speed fluctuations contains 
information about the combustion in the cylinders. First step in the 
reconstruction process is to choose the reconstruction method, either based 
on a mathematical model of the engine or a database based method. 
Measurements at different running conditions have to be done, both for 
building the model or database and for validation of the chosen method. 

2.1 Different reconstruction approaches 

The pressure pulse reconstruction from crankshaft speed fluctuations can 
be made with two main approaches, mathematical models and database-
based methods, figure 2.1. 

Non-linear 
interpolation 

Neural network 

Figure 2.1. Different approaches for the pressure pulse reconstruction from crankshaft speed 
fluctuation. 

2.1.1 Mathematical model 

In the mathematical (or model) based method, an inverse equation is 
derived algebraically by solving the engine momentum equation, and then 
computing the instantaneous pressure waveform by using angular speed as 
an input. Several investigators [7-11] have tried this approach, but the major 
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problem is that the model is inextricably tied to the assumptions needed to 
construct the model. 

The model is derived from the assumption that the crankshaft and pistons 
work as a mass-elasticity-damper-system. When the crankshaft system is 
modelled as a rigid system under steady-state condition the crankshaft speed 
is described by the torque balance equation [7-11]. 

Me — Mg Mm Mf M1 	 (2.1) 

where 
M = net torque 
M = gas torque from combustion pressure 
M = reciprocating inertial torque 
Mf  = friction torque 

= load torque 

M represents the gas torque generated by the combustion pressure pulse 
and can be calculated as the pressure multiplied by piston area multiplied 
by torque radius. The reciprocating inertial torque Min, caused by piston 
motion and reciprocating masses, can be calculated from engine geometry 
and speed. The friction torque Mf  is due both to frictions in the engine 
and pumping action of the air/fuel/exhaust mixture of the engine. M1  is the 
external load torque. The net torque Me  causes the crankshaft to rotate at an 
angular speed (0(0). Me, Mg, Mf, and M varies within a single stroke while 
the M1  is assumed to be constant within a single stroke under steady-state 
conditions. 

The torque balance equation itself is not enough to describe the 
relationship between pressure and crankshaft speed. A model of the engine 
that connects engine parameters (stiffness, damping and masses) to the 
crankshaft speed is the equation of motion. The basic form of the equation 
of motion is 

t• 

UPI+ [c][el+ H[O] = [m] 	 (2.2) 

where  
[ J]  = matrix of inertial moments  

[C] 	=- matrix of damping coefficien  

[k] 	=- matrix of spring constants 

[M] 	matrix of torques 

5 
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=matrix of crank angle acceleratior 

=matrix of crank angle speed 

=matrix of crank angle position 

The parameters can either be estimated or adjusted until the model 
fits the measured data and the model can now be used to predict the 
combustion pressure pulse from crankshaft speed fluctuations. 

The size of the matrixes in the equation of motion depends on the 
accuracy and precision that is wanted. Citron et al. [7] use a four-degree of 
freedom model to illustrate the engine-drivetrain system. The four inertias 
of the system are the engine including the crank and the connecting 
rods, the flywheel, the vibration damper and the vehicle inertia itself 
(dynamometer).  lida  et al. [I] use a six-degree of freedom model to predict 
the indicated mean effective pressure (IMEP) from the crankshaft speed 
fluctuation. In these models the crankshaft is modeled as rigid, there is no 
torsional deflection of the crankshaft between the different cylinders. If the 
torsional effects of different parts of the crankshaft shall be modeled the 
engine model will be bigger and more complex. 

Chen and Chen [10] derived a 10-degree of freedom model for a 
6-cylinder  inline  cylinder engine where the crankshaft is modeled in such 
way that torsional deflections of the crankshaft is allowed between the point 
where the pistons are attached to the crankshaft. By going from a four-
degree to a 10-degree model they showed that the accuracy at both 500 
rpm and 3000 rpm is increased. None of the above researchers have shown 
that it is possible with this method to extract any other information in the 
crankshaft speed fluctuation than maximum pressure, torque and indicated 
mean effective pressure (IMEP). None of these researchers have been able 
to show that it is possible to get information about the pressure rise during 
combustion or to localize the start of combustion. 

2.1.2 Database based method 

The database based methods does not use a mathematical model of the 
engine. Instead these techniques use a number of measured crankshaft speed 
fluctuations and corresponding pressure waveforms measured for different 
running conditions. All these crankshaft speeds and corresponding pressure 
pulses are collected in a knowledge base. The database approach is also called 
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pattern recognition, which describes what the method is all about. The 
method compares a new pattern (in this case a speed fluctuation) with the 
patterns saved in the database. Since not all operating conditions can be 
measured and therefore cannot be in the knowledge base some interpolation 
techniques have to be introduced to overcome this limitation. 

The simplest method is to use a linear interpolation technique [12]. 
That method is however only suitable for predicting conditions that are 
close to the ones in the knowledge base. Brown and Niell [12] used pattern 
recognition together with linear interpolation in order to predict the peak 
pressure for a given speed and load but with and without under-fuelling. 
The peak pressure reduction was 5-20 percent and the method gave an 
R/VIS error less than 6 percent for all cylinders. Using an appropriate non-
linear interpolation technique would make it possible to use the method for 
a larger set of running conditions. 

Neural networks offer a great advantage since they use non-linear 
interpolation to predict non-trained cases. The basic ideas behind neural 
networks are explained in another chapter.  Gu  et al. in [5] use a Radial 
basis function neural network to reconstruct the pressure waveform. This 
neural network paradigm combines features of both pattern recognition 
and interpolation and makes it possible to make accurate predictions from 
a relatively small amount of stored data and a small model (a few hundred 
neurones) with relatively few parameters. The standard deviation of peak 
pressure is 9.3 percent for all samples, figure 2.2. 

In [13] a number of small neural networks are combined to predict 
the maximum pressure and start of combustion. The results show that 
the maximum pressure can be predicted with an accuracy of 7 bar. The 
maximum pressure ranged from 50 to 115 bar. 

2.2 Problems and limitations 

There are problems in recovering the pressure waveform from the 
speed fluctuations [7]. First, the engine torque is made up of a pressure 
torque component and an inertial torque component. As speed increases 
the inertial torque, caused by accelerating and decelerating the piston 
and its connecting links to the crankshaft, becomes increasingly important 
and is therby masking the pressure torque contribution. Secondly, when 
determining the engine torque fluctuation, account must be taken of the 
fact that the engine is both connected to its load by elastic members and is 
itself an elastic assembly 

7 
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For low speeds there is a linear relationship between the load torque and 
crankshaft speed fluctuation amplitude [7]. But for high speeds there is not 
such a linear relationship (figure 2.3.) between torque and speed fluctuation 
amplitude. Therefore is it not possible to determine peak pressure or torque 
from crankshaft speed fluctuation amplitude alone. 

0 	100 	0 	100 	0 	100 
Crank angle (deg.) 

Figure 2.2. Measured and predicted cylinder pressure waveforms (each graph has 5 predicted 
waveforms and 5 measured waveforms)[5]. 

The effect of the system elastic response is illustrated in figure 2.4. [7].At 
1500 rpm it is easy to see the speed fluctuation resulting from each of the 
four firings per 720 degrees, but at the same load and a higher speed (2600 
rpm) there are 6 speed swings instead of the four that would be expected 
for a four-cylinder engine. 

8 
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Figure 2.3. Speed fluctuation amplitude in clock counts versus load. (a) (6 cylinder engine) 
for low speeds there is a monotonic relationship between load and speed amplitude but  (b)  (4 
cylinder engine) for high speeds such a relationship does not exist [7]. 

CRANKSHAFT ANGLE (deg) 	 CRANKSHAFT ANGLE (deg) 

Figure 2.4. Filtered engine speed fluctuation waveform in clock counts versus crankshaft 
angle (4 cylinder engine), (a) 1500 rpm and  (b)  2600 rpm [7]. 

As the pistons are connected to the crankshaft at different locations, 
and the crankshaft diameter varies over its length, the same pressure/torque 
produces different readings of the shaft deflection (fluctuations) depending 
on the location of the piston [14]. Identical pressure pulse in different 
cylinders will give raise to different speed fluctuation patterns because 
of this. As several investigators [12,14] have realised, the crankshaft tends 
to exhibit torsional oscillations at low loads. Because of these torsional 
oscillations crankshaft fluctuations are not a reliable indicator of cylinder 
pressure or torque at low loads, this is even more obvious at higher speeds. 
The conclusion to draw from these limitations is that independently of 
what reconstruction method that is used the method has to be able to 
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take non-linearities into account and use different relationships between 
crankshaft speed fluctuation and cylinder pressure for all cylinders. 

2.3 Different ways to measure the crankshaft speed 

The crankshaft angular velocity fluctuations can be measured, with an 
interval timer and a magnetic sensor, by timing the flywheel gear teeth as 
they pass the sensor. Or instead of the magnetic sensor an optical sensor can 
be mounted on the crankshaft. The amplitude of the speed fluctuations is 
depending on the engine size, speed and load. Typical flywheel fluctuations 
are about a few tenths to five percent [7,12]. 

A sensor for measuring the speed fluctuation must be reliable and 
have a low cost. The most used sensor is a magnetic sensor that measure 
the time between the flywheel gear teeth as they pass the sensor. To 
get higher accuracy and better resolution an optical sensor can be used. 
For measurement on production vehicles the magnetic sensor gives better 
reliability and roughness to a lower cost than the optical sensor. The optical 
sensor on the other hand, gives better accuracy and higher resolution, which 
is of importance in a development stage. 

2.3.1 Measurements on the gearwheel 

Magnetic sensors are inexpensive, rugged, reliable and non-contacting 
devices that need no calibration. There are two problems with this kind of 
measurements, first the non-uniform flywheel gear teeth spacing. Secondly, 
there is a given number of teeth which sets the crank angle resolution. 

One part of the speed fluctuations is due to irregularities in the 
gearwheel. This measurement error has to be eliminated before the data 
can be analysed.  lida  et al. [8] measured the irregularities under low and 
constant angular speed and used cross-correlation function to subtract this 
"error" from the measurements, figure 2.5. Feng [15] used another approach 
with two magnetic sensors, spaced one gear tooth, and a signal-processing 
algorithm to compensate for the irregularities. 

2.3.2 Measurements with optical sensor 

An optical sensor is relatively inexpensive and gives better accuracy than 
the magnetic sensor, but it needs more space and has to be mounted in 

10 
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front of the engine (in centre of the flywheel). The number of pulses per 
revolution can be chosen freely. The optical sensors are not as rugged as a 
magnetic sensor and are therefore more suitable to be used in a laboratory 
environment.  

Flywheel angular-velocity fluctuation (.2) 

A, /7\\,/ 

Fluctuation component due to pitch error of ring-gearl')  

Cross-corre ation between ru2  and V 
Point of 

‘ best correlation 

%...../js",....."-- 
r6  1 

Correction by  å  conoidering point of best correlation 

Engine revolution — 

Figure 2.5. Elimination of measurement error due to irregularities in the gearwheel using 

cross-correlation function of data [8]. 

2.3.3 Measurement problems 

There are some different problems to measure the crankshaft fluctuations. 
First of all this kind of measurement demands a very high sampling 
frequency, at least a couple of MHz.A 0.1 % average RPM error can provide 
as much as 2 % diagnostic error [10]. 

If the measurements are carried out on the engine's accessory drive 
side, torsional vibrations of the crankshaft additionally stimulated by the 
generator, coolant pump, engine cooling fan, steering pump, secondary air 
pump, or air condition compressor will interfere with the evaluation of 
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the crankshaft speed fluctuations caused by misfire events. Misfire detection 
beyond 3000 rpm would then be nearly impossible [16], and therefore it 
should also be impossible to reconstruct the pressure waveform beyond that 
speed. 

The road and the transmission also have a big influence on the speed 
fluctuation. For manual transmission vehicles having a rigid drive train, 
coupling back torsional vibrations from the wheels to the crankshaft may 
occur when driving on extremely rough roads [16].Vehicles with automatic 
transmission are insensitive to rough road driving. Tests with two cars (one 
with manual transmission and one with automatic transmission) confirm 
this [17] 

It has been shown show that more cylinders and higher speeds make 
it harder to get something useful out of the measured data, i.e. it is not 
possible to reconstruct the pressure waveform or indicate misfires [16]. This 
corresponds well to the results that Azzoni et al. [18] presented regarding a 
V12-engine. At low speeds the misfire indication error is low (less the 2.1 
% for speeds lower than 3600 rpm) but for high speeds the error is much 
bigger (at 5400 rpm the error level is 30 %). 

2.4 More information in the crankshaft speed 
fluctuations 

It is possible to extract more information from the speed fluctuations 
than to merely recover the pressure waveform. It can also be used to 
predict the torque produced by the engine (shown in the chapter about 
mathematical models) as well as for detecting, localizing and identifying 
faults. 

2.4.1 Torque 

In rotating systems, torque is usually detected by measuring the angular 
deflection of a shaft. But in an automotive environment it is difficult to 
find a suitable location for the torque transducer and it is also a very 
costly method. Mauer and Watts [14] have developed a cheap and reliable 
method that does not need any modification of the engine except that 
a gearwheel has to be mounted on the engine front end (on the fanbelt 
drive). This gear has the same number of teeth as the flywheel. The torque 
can now indirectly be measured by placing two magnetic sensors at both 
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the flywheel and the extra gearwheel (Figure 2.6). The phase difference 
between these two gears is a measure of the shaft torque. The torque can 
also be calculated from crankshaft speed fluctuations using a mathematical 
model of the engine [7-10,17,19,20], described in the chapter mathematical 
models.  

Figure 2.6. Method to determine the torque [1 4] . 

2.4.2 Fault detection, localization and identification 

If a cylinder misfires due to a missing combustion the indicated torque 
for that cylinder will be zero. This means that if the indicated torque can be 
accurately measured, the misfire can also be detected. Partial misfires due to 
underfuelling or poor compression (due to leaking valves, worn-out rings, 
leaking head gasket etc.) gives only a reduced indicated torque and it can be 
hard to distinct the partial misfires from the normal variation in indicated 
torque. As it is not possible to measure the torque directly, several different 
methods to detect misfires have been suggested [10,14,16-26]. 

All these methods for fault detection can be divided into three main 
groups.The first group contains methods that use the shape of the crankshaft 
speed to decide if there is misfire or not. In the second group are methods 
that transform the speed fluctuation, mainly in to frequency, to determine 
whether there is malfunction or not. In the third group mathematical 
models of the engine are derived to calculate the indicated torque that can 
be used to detect faults. 

The simplest way to detect a fault with the first approach is to make a 
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linear regression analysis of the speed fluctuation for each cylinder [141 A 
positive slope indicates a fault-free cylinder and a negative slope indicates 
that faults are present (Figure 2.7). At the same time as the fault is detected 
it is also localized but there is not enough information to determine the 
fault type. Other methods to detect the faults is to calculate some index 
from the speed fluctuation, several different methods have been suggested 
like maximum speed fluctuation over a cycle [19,21] or time to rise from 
min speed to max speed for a cycle [21]. 

1900 	 ...... , 
0 	200 	400 	600 	800 

Crank Angle (Degrees) 

Figure 2.7 Comparison between fault free and faulty cylinder [14]. 

In the second group the speed fluctuations are transformed into the 
frequency domain and from the frequency information the misfires can be 
detected [20,23,25,26].This method is less sensitive to the mean speed than 
the other methods, but still the amplitude of the frequency components 
varies with both speed and load. An example of how the  DUT  looks 
for a fault free and misfiring engine is shown in figure 2.8. The fault 
identification from the spectral analysis can be made either by a misfire 
index based on several spectral components [20,23,25], neural networks 
[22,26] or principal component analysis [18,25]. 

In the last group methods based on a mathematical model of the engine 
are derived and the indicated torque is calculated [10,17,19,24]. How the 
models are derived is explained in the chapter mathematical models. A 
disadvantage by using the calculated indicated torque is that the indicated 
torque normally varies on a cycle-to-cycle basis and therefore the change in 
indicated torque for some errors can be hard to distinguish from this normal 
variation. 
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Figure 2.8 Spectral analysis of a fault free (top diagram) and misfiring (bottom diagram) 
engine [25] 
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3. Experimental set-up 

3.1 Experimental engine 

The experiments have been carried out on a 6-cylinder, 9-litre direct 
injection diesel engine (SCANIA DSC9 08), table 3.1. The engine has 
been modified so that the pressure can be measured in each cylinder. 
The measurements have been carried out in an engine test cell. The 
measurements for the cylinder pressure reconstruction have been done at 
three different speeds (800, 1400 and 2000 rpm) and at three different loads 
(10, 50 and 100%). The speed measurements for TDC-localization were 
carried out when rotating the engine with the electric starter motor and no 
external load. 

Table 3.1. Data for the diesel en ine SCANIA DSC9 08 

Cycle Four-cycle 

Cylinder 6-inline  

Displacement 8.48 dm3 

Bore  x  Stroke 115  x  136 mm 

Firing order 1  5 3 6 2  4 

3.2 Data acquisition 

A PC-based system has been designed to measure the crankshaft speed 
and corresponding cylinder pressure. The system is built up around a 
sampling card (National instruments PCI-6110E), having 4 channels with 
sampling frequency 5 MHz/channel. The crankshaft speed is measured 
by sampling with an optical sensor (Emeta model 100) with 720 pulses/ 
revolution and the pressure is measured with a piezo-electrical pressure 
transducer  (AVL  QC31C-X) and charge amplifier  (AVL  3057-A01), figure 
3.1 

The optical sensor was mounted in such a way that the taco signal 
was at the top dead centre (TDC) for cylinder 1. The measurements were 
performed with LabVIEW from National Instruments. Since the raw data 
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is stored on the computer without any processing, each measurement 
is only 0.5 s long. The reason to store the raw data instead of letting 
the measurement program do the first post-processing is to be able to 
reanalyse the data in different ways. The raw data consists of the following 
information, the taco signal, the pulse train from the optical sensor and the 
pressure pulse, all sampled at 5MHz.The crankshaft speed and pressure pulse 
(in time and crank angle) are calculated from this data using Lab VIEW. For 
the rest of the analysis both Lab VIEW and  Matlab  have been used. 

sensor 

Figure 3.1. Schematic diagram of the measurement set-up used for all measurements. 
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4. Artificial neural networks 

The work with artificial neural networks started when it was realized 
that the human brain works in an entirely different way than the digital 
computer. The brain is a complex, non-linear, and parallel information-
processing system [27] in difference from the computer that is serial-
processing.The human brain is built up of about 10 billion neurones that are 
connected together with 60 trillion synapses [28]. Artificial neural networks 
built up to solve a particular task are much smaller and consist most often of 
not more than some hundred neurones. In it's most general form a neural 
network is a machine that is designed to model the way in which the brain 
performs a particular task of interest. The biggest advantage with neural 
networks is that the neurons are working in parallel giving a powerful 
method even though the neuron itself is very simple. There are many 
different kinds of neural networks that can be classified by input and 
output data type (binary or continuously), by structure (feedforward and/or 
feedback interconnections) and by learning algorithm. 

4.1 A brief introduction of the artificial neural network 
theory 

The neurons work together to find a pattern between the inputs 
and outputs that the network is trained with. The neural network gains 
knowledge through a learning (also called training) process and the 
knowledge is stored in the connection weights and biases.Thanks to the fact 
that the neural network can learn it also has an ability to generalize. This 
means that the neural network is able to predict non-trained but similar 
cases. Even though neural networks are good at interpolating between the 
trained cases, the ability to extrapolate the knowledge outside the training 
set is very poor. Because of this reason it is of main importance that the 
training set covers all extreme conditions. 

The neuron is the fundamental part in the neural network and 
a schematic model is given in figure 4.1. The transfer function is a 
mathematical function that describes the relationship between the input 
to the neuron and the corresponding output (response) from the neuron. 
The most commonly used transfer functions are linear, step function and 
sigmoid, figure 4.2. 
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Figure 4.1. Model of how the neuron works. The incoming signals from neurones in the 
previous layers  (p)  are multiplied by the weights (w) of the connections and summed together 
with the bias (1)). The resulting sum is sent through the transfer function and an output (a) 
is produced that are sent to next layer of neurones. 

Figure 4.2. The most commonly used transfer functions; from left linear, step function and 
sigmoid. 

Neurons can only generate output values between —1 and +1, except 
from the neurons using the linear transfer function that can give values 
between —° and +0. Because of this, the output vectors used for training 
have to be scaled so all values are in the interval [-1 1]. Another often-used 
interval is to use only the positive part of the interval, i.e. [0 1]. The input 
vector is often also scaled to increase the sensitivity of the neural network. 
In this thesis both the input and output have been scaled to both [-1 1] 
and [0 11 using equation 4.1 and 4.2 respectively.  X.  is the scaled matrix  (i  
denotes samples and  j  variables) and I is corresponding scaled matrix.  

X.. — min(X) 
= 	  

max(X)— min(X)  
(4.1) 
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X —min(X) 
= 

	

	 x 2 — 1 
max(X) — min(X) 

(4.2) 

A single neuron has a very limited range of applications. However, 
if a number of neurones are organized together in a network, one will 
have a powerful tool to solve non-linear problems. A neural network with 
two feedforward layers (a sigmoid layer feeding a linear output layer) can 
represent any reasonable function [29]. The neural network can be built 
up in many different ways, the networks used in this thesis are feedforward 
networks, which means that neurones in one layer are getting input only 
from the neurones in the previous layer. The output from the neuron is 
therefore sent only to the neurones in next layer, figure 4.3. And the neural 
networks are trained with the backpropagation algorithm. 

Input 
vector 

Hidden Output Output 
layer layer vector 

Figure 4.3. A diagram showing the general architecture of a feedforward neural network with 
one hidden layer. The networks consists of 4 neurones in the hidden layer and 2 neurones in 
the output layer. 

The number of neurones and the number of layers are chosen freely, 
except from the number of neurones in the output layer, which is given 
by the output vector's size. The number of neurones depends on the 
complexity of the problem, number of inputs and outputs etc. 

Supervised learning and unsupervised learning are the two main learning 
algorithms used to train neural networks.With supervised training the neural 
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network is fed with knowledge through a set of input-output examples 
describing the environment. The weights and biases are changed until the 
inputs used for the training match corresponding outputs. Unsupervised 
learning on the other hand only uses a set of inputs. Most of these 
algorithms perform clustering operations, which means that the inputs are 
divided into a finite number of classes. 

A drawback with neural networks that are trained in an adaptive way 
is overfitting, also called overlearning. The neural network has learned the 
training examples that well that the network has lost the possibility to 
generalize.Two ways to avoid overfitting is regularization and early stopping 
with validation [29]. Regularization involves modifying the performance 
function in such a way that the network response is forced to be smoother 
and thereby less likely to overfit. The performance function is the function 
that measures the networks performance, most often used is the sum of 
mean squared networks errors. By adding a term to the performance 
function that consists of the mean of the sum of squares of network weights 
and biases, the response will be smoother and the risk for overfitting will be 
less. The early stopping technique is based on the training set being divided 
into two subsets. The first subset is used to train the neural network as 
normal. The second subset is a validation set and the error of the validation 
set is monitored during training. The error for the validation set is normally 
decreasing under the first part of the training but will later start to increase, 
as the network starts to overfit the data. The training is stopped when the 
error in the validation set has increased for a given number of iterations and 
the weights and biases for the lowest validation error are returned. 
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5. Reconstruction of the pressure pulse 

It has been shown that neural networks can be used to reconstruct the 
pressure pulse from crankshaft speed fluctuations [5]. But so far rather large 
networks have been used with several hundred neurones. The aim with 
this research has been to investigate the possibility to use smaller neural 
networks (<50 neurones) to reconstruct important points on the pressure 
pulse. Most of the research in this area has focused on the reconstruction of 
the whole pressure pulse even though the main interest lies in a few points 
on the pressure pulse time trace or parameters that can be calculated from 
the pressure pulse time trace. 

5.1 Important points on the pressure pulse time trace 

Four of the most important points are maximum pressure (pm.), start 
of combustion (SOC), pressure slope during the combustion (dp/dt) and 
indicated mean effective pressure (IMEP). 

5.1.1 Maximum pressure 

The information about maximum pressure can be used for misfire 
detection and for detecting defective cylinder pressure due to partial 
combustion or leaking valves.  p 	is also the factor that causes the low 

IllaX 

frequency combustion noise from the engine. When the pressure pulse is 
measured inside the cylinder a number of effects will cause the pressure 
pulse not to be totally smooth around the top. Reasons to the pressure 
oscillation is the presence of diesel knock [30] figure 5.1 and resonances in 
the combustion chamber. To avoid the effect of the knock phenomena the 
pressure pulse should be low-pass filtered before pmax  is determined. 

5.1.2 Start of combustion 

To be able to control the engine in the most fuel efficiently way, at the 
same time as the exhaust emissions are kept to a minimum it is of main 
importance to know the start of combustion. Information about the start 
of combustion can be found in the pressure pulse as a short high frequency 
signal in the latter part of the compression, figure 5.2. It has been shown 
[31] that this high frequency signal is caused by the SOC and not due to 
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fuel injection. 

8 

Figure 5.1. Pressure pulses: (a) normal combustion (1000 rpm no load) and (b)knocking 
combustion (1000 rpm no load) [311. 
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Figure 5.2. The colour plot shows the frequency versus time for the cylinder pressure where 
the colour describes the amplitude. In the diagram are also the cylinder pressure (solid) and 
the injection information (dashed) plotted. The start of combustion can be seen in the pressure 
pulse as a high frequency signal in the latter part of the compression (marked with an arrow) 
and it is seen also in the frequency band 25-30kHz.The fuel has at this point already been 
injected why the ripple cannot be caused by injection [31]. 
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5.1.3 Pressure rise 

The high frequency combustion noise is mainly depending on the 
slope of the pressure rise during the combustion. Higher pressure slope 
gives higher sound levels at higher frequencies. There is not a straight 
forward procedure to determine the slope since the slope change over 
the combustion and are not the same from cycle-to-cycle, figure 5.3. The 
pressure slope can be expressed as pressure rise per time (dp/dt) or as 
pressure rise per crank angle (dp/clot). 

Figure 5.3. The pressure rise for two cycles after each other, the slope is not the same for 
these two cycles (800 rpm 100  Nm).  

5.1.4 Indicated mean effective pressure 

Indicated mean effective pressure (IMEP) is based on the work generated 
at the face of the piston for the complete cycle and divided by the cylinder 
displacement.The indicated work is the net work done on the piston during 
compression and expansion, figure 5.4. Indicated work is calculated from 
bottom dead centre (BDC) before compression to BDC after expansion 
with the well known expression: 

Work = fpdV 	 (5.1) 
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The mean effective pressure over the expansion from minimum to 
maximum volume would produce the same amount of work as the pressure 
pulse that IMEP was calculated from. 

VOLUME 

Figure 5.4. Shaded area represents indicated work 1321 

5.2 Measurement conditions 

The measurements of pressure and corresponding crankshaft speed have 
been done for 9 different speed-load-combinations under steady-state 
conditions, table 5.1. 

Table 5.1. The measurements have been done at followinp conditions. 

800 rpm 1400 rpm 2000 rpm 

10% load  X X X  

50% load  X X X  

100% load  X X X  

Pressure measurements have been done in cylinder 1 and the 
measurements have been done for two cycles after each other and repeated 
5 times. 
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5.3 Signal processing 

The measured signals (both pressure and crankshaft speed) contain 
high frequency components that have to be removed in order to be 
able to reconstruct the wanted information. The sampled pressure pulse 
(sampling frequency 5MHz) was lowpass filtered (40kHz) in order to 
remove measurement noise due to frequency limitations of the pressure 
transducer and charge amplifier. The crankshaft speed and corresponding 
pressure pulse (against crank angle) are further processed as described 
below. In this part of the research only the maximum pressure will be 
reconstructed from the crankshaft speed. There are several reasons for this. 
It is impossible with our equipment to change the SOC in a controlled way 
and to determine SOC with high accuracy the method described in 1311 
should be used but was still not developed when the measurements were 
done.The problem described above with the pressure slope has made it hard 
to determine the slope with wanted accuracy. When it comes to the IMEP 
calculations the position of the TDC is necessary but unfortunately this was 
not measured when the speed fluctuation measurements were done. 

5.3.1 Directly measured maximum pressure. 

Before the maximum pressure (pm.) is determined the measured pressure 
pulse is lowpass filtered (4 kHz) to avoid problems due to knock and 
resonances in the cylinder. The influence of speed and load on piniax  are 
shown in figure 5.5. and it is obvious that the average speed influence on 
the measured maximum pressure is extremely little. 

5.3.2 Crankshaft speed calculation 

The crankshaft speed is calculated from the number of time samples 
between two crank angle marks (1/2 degree). Unfortunately this method 
demands high sampling frequency to give a high resolution at high speeds. 
The speed resolution (s), defined as the smallest speed change that can be 
measured, can be calculated with the following expression: 

60xFxn 
s= 	  n  

60x F—Nxn 

F — sampling frequency (Hz) 

(5.2) 
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n  — speed (rpm)  
N  — number of crank angle pulses/revolution 

140 

120 

9, 100 
(1.) S-4 
a)-1 

80 z 
5 
•'>1 
±7'  60 

200 400 600 800 1000 1200 1400 

Load torque  (Nm)  

Figure 5.5. The influence of load and speed on the maximum pressure. (* 800 rpm, 
1400 rpm and 0 200Orpm). 

The speed resolution for the measurement system used for these 
measurements is shown in figure 5.6. Since the speed fluctuations is in the 
order of a few percent, the limited speed resolutions, table 5.2, will cause 
problem at higher speeds. E.g. at 2000 rpm and 10 % load there will only 
be 8 different discrete speeds to describe the speed fluctuations. 

From equation 5.2 it can be seen that there is only two ways to 
increase the speed resolution, either to increase the sampling frequency or 
to lower the number of pulses per revolution. By using some additional 
signal processing it is possible to get better speed resolution than given by 
expression (5.2). The output from the optical sensor is assumed to be a 
square pulse train. A closer look at the shape shows that the pulse is not 
really a square pulse, instead it has a certain slope at the raise due to what is 
called raise time. The period where the signal rises from no signal to signal 
can be well approximated by a straight line. By approximating each pulse 
with a straight line (the SLA-method described in appendix A) the time 
between two pulses can be calculated with higher accuracy than given by 
the sampling frequency. The effect of calculating the speed fluctuation this 
way compared with the normal method is shown in figure 5.7. At lower 
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speeds the speed resolution is not really improved but for higher speeds the 
improvement is obvious. 

10 
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Figure 5.6. Speed resolution as a function of speed for sampling frequency 5 MHz and 720 
pulses/revolution. 

An FFT-analysis of the speed fluctuations shows that the main 
information is in the range up to order 9, appendix  B.  Over this frequency 
most of the contents can be considered as noise and should therefore be 
removed. A lowp ass filter removing all information over order 10 is applied 
to the speed fluctuation. To avoid problems with phase shift the signal is 
sent through the filter twice, and the signal is reversed the second time. The 
phase shift caused by the filter first time the signal is sent through the filter 
will be cancelled by the phase shift as the signal, reversed, passes through the 
filter the second time. 

5.4 Pressure reconstruction with neural network 

Several neural networks have been used to reconstruct the maximum 
pressure. In all cases the network have had two layers and been feedforward 
networks that have been trained with the backpropagation algorithm. 1 to 
25 neurones have been used in the hidden layer and the transfer functions 
in the neurones have been linear, tansig and logsig. The best results have 
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been reached with logsig in the first (hidden) layer and purelin in the output 
layer. 

Table 5.2. The speed fluctuation expressed as maximum speed distance from average speed 

Speed Load Load 
Speed 

 
fluctuation 

800 rpm 10 % 120  Nm  2.09 % 

800 rpm 50 % 600  Nm  3.30 % 

800 rpm 100 % 1200  Nm  4.90 % 

1400 rpm 10% 138  Nm  2.17% 

1400 rpm 50 % 690  Nm  3.84 % 

1400 rpm 100 % 1380  Nm  4.94 % 

2000 rpm 10% 116  Nm  2.00% 

2000 rpm 50 % 580  Nm  3.89 % 

2000 rpm 100% 1160  Nm  5.42% 

for 

Figure 5.7. The speed resolution: (a) 800 rpm (10% load) and  (b)  2000 rpm (10% load) 
with two different methods to calculate the crankshaft speed. The ones calculated from the 

straight-line approximation are shifted plus 20 rpm to increase the visibility. 

The collected data has been divided into two groups the first group is 
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used for training and the second group is used for validation.The first group 
contains 8 measurements at each speed-load condition resulting in a total 
of 72 measurements. The second group contains 2 measurements at each 
speed-load condition giving 18 measurements. The two measurements for 
each measurement condition in the second group contains two on each 
following cycles.The training set is randomised to improve the learning and 
generalization of the neural network. 

As shown already (figure 5.5) the mean speed does not have any 
influence on  p..  Therefore the mean speed is removed and the speed 
fluctuations are scaled to the intervals [0 1] and [-1 1], respectively. By 
removing the mean speed, the sensitivity is increased and the training will 
be improved. The speed fluctuations that is of main interest will be given 
a larger importance when the mean speed is removed, figure 5.8. For the 
scaling, equations 4.1 and 4.2 are used, the maximum and minimum values 
are taken for the whole measurement set (both the training set and the 
validation set). The results from the training of neural networks with 5 and 
8 neurones in the hidden layer is shown in figure 5.9 and 5.10, respectively. 

\,  

T.60 —30 0 30 60 
Crank angle (0=TDC) 

Figure 5.8. Scaled speed fluctuations with and without mean speed. In the left diagram the 
speed fluctuations are grouped into 3 groups that are the 3 different speeds (800, 1400 and 
2000 rpm, respectively). 

The maximum pressure can for the trained data set be predicted with 
an accuracy of 2 bar at 95% confidence interval (accept from the case with 
5 neurones and scaled interval [0 1] where corresponding value is 3 bar). 
The mean error for the training set is less than 0.8 bar (accept from the case 
with 5 neurones and scaled interval [0 11 where corresponding value is 1.5 
bar). For the validation set the accuracy is between 3.8 and 5.6 bar at 95 % 
confidence interval while, the mean error is between 1.6 and 2.3 bar. 
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Figure 5.9. Measured and predicted results for 5 neurones interval [0 1] (top) and [-1 1] 
(bottom). The red dots are measured and used for the training, the blue plus signs are also 
measured but used for validation. The red circles are the predicted values after training and 
the blue boxex are predicted values from the validation set. 
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Figure 5.10. Measured and predicted results for 8 neurones interval [0 1] (top) and [-1 1] 

(bottom). The red dots are measured and used for the training, the blue plus signs are also 

measured but used for validation. The red circles are the predicted values after training and 

the blue boxex are predicted values from the validation set. 
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Statistics for the predictions are given in table 5.3. The small differences 
between the plots in figure 5.9 and 5.10 indicate that the method is stable 
and not very sensitive for number of neurones or scaling interval. For the 
validation set the maximum pressure was predicted with an error of less 
than 5.5 bar (5.4 %) at 95%-confidence interval, which is good enough for 
misfire detection but needs to be improved to be used for engine control. 

Table 5.3. Precision in prediction of maximum cylinder pressure from the crankshaft speed 
uctuations.  

5 neurones 
interval [0 1] 

5 neurones 
interval [-1 11 

8 neurones 
interval [0 1] 

8 neurones 
interval [-1 1] 

Training set 720 pulses/revolution 

5.13 bar 3.94 bar 2.72 bar 3.16 bar 
Max error 

7.22 % 4.43 % 5.20 % 4.43 % 

1.45 bar 0.75 bar 0.80 bar 0.79 bar 
Mean error 

1.70 % 0.91 % 0.98 % 0.97 % 

1.53 bar 1.01 bar 1.03 bar 1.01 bar 
Standard deviation 

1.80 % 1.26 % 1.37 % 1.28 % 

Validation set 720 pulses/revolution 

5.27 bar 4.78 bar 4.31 bar 7.91 bar 
Max error 

6.07 % 5.78 % 4.84 % 6.05 % 

1.94 bar 1.65 bar 1.54 bar 2.22 bar 
Mean error 

2.13 % 1.79 % 1.80 % 2.30 % 

2.27 bar 2.06 bar 1.92 bar 2.85 bar 
Standard deviation 

2.38 % 2.31 % 2.22 % 2.73 % 

5.4.1 Number of pulses/revolution 

For the reconstructions shown here a rather large number of pulses/ 
revolution (720 pulses/revolution) has been used thanks to the fact that 
an optical sensor is used. For a method that can be used on production 
vehicles a magnetic sensor that measure the gearwheel is more suitable. 
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The disadvantages are both the decreased accuracy (due to irregularities 
in teeth spacing and shape of the teeth) and the reduced number of 
pulses/revolution, which normally are given by 100-300 gear teeth. It is 
therefore of main interest to investigate what happens with this method if 
the number of pulses/revolution are decreased. From the data above the 
speed fluctuation is calculated for 360, 180 and 90 pulses/revolution. The 
speed data is processed as described above and the results are shown in 
figure 5.11 for 90 pulses/revolution. The results for the other number of 
pulses/revolution are given in table 5.4. 

The accuracy of predicted pmax  for 90 pulses compared to the one for 
720 pulses is worse. Both the mean error and the standard deviation has 
decreased with a factor of 1.5 to 2. 
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Figure 5.11. Measured and predicted results for 5 neurones interval [0 1] (top) and [-1 1] 
(bottom), 90 pulses /revolution. The red dots are measured and used for the training, the blue 
plus signs are also measured but used for validation. The red circles are the predicted values 
after training and the blue boxex are predicted values from the validation set. 
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Table 5.4. Precision for the prediction of maximum cylinder pressure from the crankshaft  

sneed  fluctuation with decreasinç number of pulses per revolution. _ 

5 neurones 
interval [0 1] 

5 neurones 
interval [-1 1] 

8 neurones 
interval [0 1] 

8 neurones 
interval [-1 1] 

Training set 360 pulses/revolution 

1.29 bar 0.80 bar 1.08 bar 0.81 bar 
Mean error 

1.59% 1.00% 1.27% 1.07% 

1.60 bar 1.01 bar 1.42 bar 1.10 bar 
Standard deviation 

2.15 % 1.35 % 1.67 % 1.61 % 

Validation set 360 pulses/revolution 

2.66 bar 1.90 bar 3.63 bar 1.83 bar 
Mean error 

3.09 % 2.14 % 3.55 % 2.27 % 

3.42 bar 2.75 bar 6.29 bar 2.41 bar 
Standard deviation 

4.23 % 3.10 % 5.34 % 3.01 % 

Training set 180 pulses/revolution 

1.98 bar 1.08 bar 1.82 bar 1.23 bar 
Mean error 

2.45 % 1.30 % 2.14 % 1.53 % 

2.59 bar 1.53 bar 2.67 bar 1.84 bar 
Standard deviation 

3.32 % 1.78 % 3.09 % 2.26 % 

Validation set 180 pulses/revolution 

3.79 bar 2.44 bar 3.07 bar 3.32 bar 
Mean error 

4.66 % 2.53 % 3.57 % 3.83 % 

4.92 bar 3.59 bar 3.99 bar 5.08 bar 
Standard deviation 

6.17 % 3.35 % 4.56 % 5.93 % 

Training set 90 pulses/revolution 

2.71 bar 1.61 bar 2.52 bar 1.73 bar 
Mean error 

2.87 % 1.83 % 2.86 % 2.03 % 

3.75 bar 2.04 bar 3.53 bar 2.41 bar 
Standard deviation 

3.76 % 2.29 % 3.77 % 2.79 % 

Validation set 90 pulses/revolution 

2.37 bar 3.65 bar 2.92 bar 2.09 bar 
Mean error 

2.61 % 3.77 % 3.40 % 2.67 % 

3.44 bar 4.85 bar 3.93 bar 2.48 bar 
Standard deviation 

3.39 % 4.85 % 4.57 % 3.46 % 
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6. Localization of TDC position 

The knowledge of the top dead centre's (TDC) position plays an 
important role in the control and optimisation of the engine performance 
and emission control. For thermodynamic calculations like IMEP the 
knowledge of TDC's position is of outmost importance. For engine control 
it has been suggested [33] that an accuracy of ±0.5 degree crank angle (CA) 
should be enough while the accuracy for IMEP calculations is ±0.1 degree 
CA. Today the demands on the engine manufacturers have increased and 
put bigger demands on engine control and thereby also on determination 
of TDC position. Today, the necessary accuracy is better than ±0.25 degree 
CA for engine control to fulfill the new regulations on emissions without 
sacrificing the fuel economy 

The position of TDC can be measured mechanically, but this method 
has a number of disadvantages. The cylinder heads have to be removed in 
order to get access to the pistons, this itself makes the method slow and 
expensive. Depending on the method to measure the position mechanically 
the method can suffer from time consumption and/or poor accuracy 
Instead of a pure mechanical method the position ofTDC can be measured 
with a capacitive sensor that is placed in the combustion chamber [33]. As 
with the mechanical method the head has to be removed or the sensor 
has to be placed through the hole for the spark plug or the hole for the 
injection nozzle. 

An indirect method to measure the TDC position is proposed by [34]. 
The TDC is localized from the measured pressure pulse together with 
simulated compression pulses. The compression curve is translated over the 
measured pressure pulse to find the best possible fitting, and the TDC 
for the simulated curve is used to find TDC for the measured cylinder. 
The accuracy with this method is verified by calculating brake power and 
compares this with the measured values, accuracy in degrees is not given for 
this method. 

A second indirect method (with two sub methods) is described in [35]. 
The crankshaft is rotated in a non-firing mode and the crankshaft speed is 
measured as described for crankshaft speed measurements. The speed varies 
similar to as it did under combustion, but with the difference that the 
engine now is forced by the external force (starter motor) instead of the 
combustion. The minimum speed should correspond to TDC since this 
is the point with highest compression and therefore biggest braking force 
on the piston. It has however been found that at speeds of 300-400 rpm 

37 



Crankshaft speed measurements and analysis for control and diagnostics of diesel engines 

the minimum speed occurs 3-4 degrees [35] after TDC. The reason to 
the mismatch is due to that the starter motor induces an out-of-phase 
acceleration component in the crankshaft [35], other reasons that can cause 
mismatch are heat exchange between compressed gas and metal walls 
and gas leakage through piston rings and valves. This crank angle shift is 
speed dependent and has to be compensated for. Instead of this method 
a modified approach is proposed [35]. The engine is speeded up and then 
turned off and the speed is measured under the retardation. The position of 
speed minimum for the cylinder that passed TDC just before the engine 
stops is the position for TDC for that cylinder. Since the engine is rotating 
freely and the position of TDC is measured at lowest possible speed, the 
distortional effects will be minimized. 

6.1 Cylinder to cylinder distance 

For a perfect 6-cylinder engine it should be 120 degrees between two 
cylinders after each other (in firing order). To investigate this a 6-cylinder  
inline  diesel engine has been measured. The crankshaft has been slowly 
rotated manually at the same time as the crank angle position and piston 
position were measured. The measurement set-up is shown in figure 6.1. 
The crank angle was measured with an optical sensor (Emeta model 100) 
and the piston position was measured with a LVDT-sensor (Monitran, 
MTN/8100) and the data was collected with a DAQ-board (National 
instruments PC I-611 OE) . 

The TDC position was determined by curve-fitting the measured piston 
position versus crank angle. The basic geometry of the piston movement 
(figure 6.2) gives following expression:  

Y =- a x cos(ot)+ V12  - a2  x sin2  (6.1) 

The position of TDC is at a equal to 0, but due to tolerances in the 
manufacturing process the distances between the cylinders are not exactly 
equal to the expected 120 degrees. Therefore the TDC position for the 
different cylinders will vary This crank angle difference ç  is found by 
translating equation 6.2 over the measured piston position versus crank 
angle. 
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Y = a x cos(Ct + (p) + V12  —
a2 x sill2 (a, + (p) 

(6.2) 

Figure 6.1. Measurement set-up for mechanical measurement ofTDC. 

Figure 6.2. Geometry of cylinder, piston, connecting rod and crankshaft-, where ot=crank 

angle, 1—connecting rod length and a=crank radius. 
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A measured piston movement and corresponding curve-fit is given in 
figure 6.3.The measurement has been repeated 10 times for all 6 cylinders, 
the results for all 6 cylinders are given table 6.1. 

-60 	-40 	-20 	0 	20 
	

40 
	

60 
Crank angle (degrees) 

Figure 6.3. Curve fit of measured piston position versus crank angle. The blue curve is the 

measured and the red curve is the curve-fit. 

Table 6.1. Mechanically measured TDC-position for all 6 cylinders. Negative value 

indicates that the measured TDC is before the ex ected TDC. 

Measured angle 
deviation from 

expected 
position, relative 

cylinder 1 

Standard 
deviation 

Cylinder 1 0.00 CA 0.05 CA 

Cylinder 2 -0.38 CA 0.03 CA 

Cylinder 3 0.16 CA 0.04 CA 

Cylinder 4 0.17 CA 0.03 CA 

Cylinder 5 -0.39 CA 0.04 CA 

Cylinder 6 0.01 CA 0.03 CA 
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6.2 Measurements for indirect localization of TDC 

The indirect based measurements were done by rotating the engine 
with the starter motor and the ignition turned off. The starter engine 
was able to rotate the engine at approximately 140 rpm. The speed 
variation due to compression/expansion was about ±20 rpm. The speed 
was measured as described in the chapter about data acquisition and the 
pressure transducer was used to determine in which cycle the cylinder 1 
was under compression. In order to minimize the influence of mean speed, 
all measurements were done with fully charged batteries to ensure smallest 
possible change in mean speed. The measurement was repeated 14 times and 
the variation of the main speed was lOrpm. 

6.3 Signal processing 

The speed fluctuations have been lowpass filtered (frequencies above 
order 10 was removed) in order to remove measurement noise and 
unwanted frequency components. The speed fluctuations for each cylinder 
have been cut out 60 degrees before and after TDC. 

6.4 Localization methods 

Two different methods to localize TDC have been investigated, first 
a cosine polynomial has been fitted to the crankshaft speed to find the 
minimum speed position and secondly, a method with neural networks 
trained on the crankshaft speed fluctuation has been used. 

6.4.1 Curve-fit 

For the curve-fit of the speed fluctuation a second order cosine-
polynomial has been used (6.3).  

Y  = a  x  cos(a +  (p)  +  b x  cos2 (a +  (p)  +  c 	 (6.3) 

where  (p  is the searched crank angle error. 

The results from the curve fitting are summarized in table 6.2. 
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Table 6.2. Localized TDC from the curve fit. 

Mean distance 
from measured 
TDC position 

Standard 
deviation 

Cylinder 1 2.69 CA 0.08 CA 

Cylinder 2 2.40 CA 0.09 CA 

Cylinder 3 4.11 CA 0.09 CA 

Cylinder 4 3.86 CA 0.10 CA 

Cylinder 5 3.05 CA 0.10 CA 

Cylinder 6 2.66 CA 0.10 CA 

As described in [35] the localized TDC position (minimum speed) with 
curve fitting occurs after the true TDC position. From these results the 
spread is even larger (2.4 to 4.1 degreess) than given in [35] (3-4 degrees). 

6.4.2 Neural networks 

As an alternative method of fitting a mathematical expression to the 
crankshaft speed, a neural network is trained to predict the true position 
of TDC from the crankshaft speed measurement. A feedforward neural 
network was trained to predict the position ofTDC from only the crankshaft 
speed fluctuation without any information about which cylinder the speed 
fluctuation come from. The results from the neural network with 10 hidden 
neurones and one output neuron (the transfer functions were logsig in the 
hidden layer and purelin in the output layer) are shown in figure 6.4 and 
table 6.3. The localization of TDC-positions is less information demanding 
than the maximum pressure predictions and therefore less number of crank 
angle pulses/revolution can be used. The results of using 360, 180, 90 and 
45 pulses/revolution is given  i  table 6.4.With a speed fluctuation sampled at 
only 45 crank angle pulses per revolutioin instead of 720 pulses/revolution, 
the standard deviation for all cylinders will increases from 0.06 CA degrees 
to 0.08 CA degrees, which means that the TDC position can be predicted 
within ±0.16 CA degrees. This is better than the wanted ±0.25 CA degree 
accuracy. 
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Table 6.3. Localized TDC with neural network from the crankshaft speed fluctuations 
measured with 720 crank angle pulses/revolution. 

Training set Validation set 

Mean error 
from correct 

position 

Standard 
. 

deviation 

Mean error 
from correct 

position 

Standard 
deviation 

Cylinder 1 0.02 CA 0.03 CA 0.03 CA 0.03 CA 

Cylinder 2 0.02 CA 0.03 CA 0.04 CA 0.05 CA 

Cylinder 3 0.03 CA 0.01 CA 0.03 CA 0.05 CA 

Cylinder 4 0.02 CA 0.03 CA 0.03 CA 0.04 CA 

Cylinder 5 0.02 CA 0.02 CA 0.10 CA 0.11 CA 

Cylinder 6 0.03 CA 0.03 CA 0.04 CA 0.05 CA 

All cylinders 0.02 CA 0.03 CA 0.05 CA 0.06 CA 
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Figure 6.4. Measured and predicted TDC position for all 6 cylinders. The red dots are 
measured and used for the training, the blue dots are also measured but used for validation. 
The red circles are the predicted values after training and the blue boxex are predicted values 
from the validation set. 

43 



Crankshaft speed measurements and analysis for control and diagnostics of diesel engines 

Table 6.4. Localized TDC with neural network from the crankshaft speed fluctuations 
measured with 360, 180, 90 and 45 crank angle pulses/revolution, respectively. 

360 pulses/ 
revolution 

180 pulses/ 
revolution 

90 pulses/ 
revolution 

45 pulses/ 
revolution 

Training set 

Cy1.1 St.dev. 0.05 CA 0.04 CA 0.05 CA 0.04 CA 

Mean error 0.04 CA 0.04 CA 0.04 CA 0.05 CA 

Cy1.2 St.dev. 0.03 CA 0.04 CA 0.05 CA 0.04 CA 

Mean error 0.03 CA 0.03 CA 0.04 CA 0.05 CA 

Cyl. 3 St.dev. 0.02 CA 0.04 CA 0.02 CA 0.04 CA 

Mean error 0.03 CA 0.04 CA 0.04 CA 0.07 CA 

Cyl. 4 St.dev. 0.03 CA 0.05 CA 0.05 CA 0.05 CA 

Mean error 0.03 CA 0.04 CA 0.05 CA 0.06 CA 

Cyl. 5 St.dev. 0.01 CA 0.04 CA 0.03 CA 0.02 CA 

Mean error 0.02 CA 0.03 CA 0.04 CA 0.03 CA 

Cyl. 6 St.dev. 0.04 CA 0.04 CA 0.05 CA 0.04 CA 

Mean error 0.03 CA 0.04 CA 0.04 CA 0.05 CA 

All cyl. St.dev. 0.04 CA 0.05 CA 0.05 CA 0.06 CA 

Mean error 0.03 CA 0.04 CA 0.04 CA 0.05 CA 

Validation set 

Cy1.1 St.dev. 0.09 CA 0.05 CA 0.08 CA 0.10 CA 

Mean error 0.08 CA 0.03 CA 0.06 CA 0.07 CA 

Cy1.2 St.dev. 0.06 CA 0.04 CA 0.08 CA 0.05 CA 

Mean error 0.05 CA 0.09 CA 0.09 CA 0.06 CA 

Cyl. 3 St.dev. 0.06 CA 0.06 CA 0.08 CA 0.05 CA 

Mean error 0.04 CA 0.04 CA 0.07 CA 0.04 CA 

Cyl. 4 St.dev. 0.03 CA 0.07 CA 0.07 CA 0.04 CA 

Mean error 0.03 CA 0.05 CA 0.05 CA 0.04 CA 

Cyl. 5 St.dev. 0.15 CA 0.11 CA 0.12 CA 0.13 CA 

Mean error 0.13 CA 0.07 CA 0.10 CA 0.10 CA 

Cyl. 6 St.dev. 0.06 CA 0.01 CA 0.08 CA 0.02 CA ' 

Mean error 0.06 CA 0.05 CA 0.14 CA 0.03 CA 

All cyl. St.dev. 0.08 CA 0.07 CA 0.11 CA 0.08 CA 

- 
Mean error 0.06 CA 0.06 CA 0.09 CA 0.06 CA 
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7. Conclusions and discussions 

7.1 Reconstruction of prnax  by applying neural networks 

The needed accuracy of pmax  depends on the application that it will be 
used for. For pure misfire detection an accuracy of ±10 % is enough, while 
the demands for engine control is much tougher, typical ±2-5 %. The error 
for the training set (5 neurones and scaled to the interval [-1 1]) was found 
to be ±2.5 % at 95%-confidence interval and corresponding value for the 
validation set is better than ±4.6 %. These results are on the limit to what 
are needed for the engine control but still god enough to be used for misfire 
detection. If the number of pulses is reduced from 720 pulses/revolution 
to 90 pulses/revolution, the error will increase from ±4.6 % to ±9.6 % 
at 95 %-confidence interval for the validation set. The results given above 
are for the trained running conditions, what will happen at other speeds 
and loads have not been investigated. It is however clear that the error will 
increase with increasing distance from the trained running conditions, but 
how much the error will increase is impossible to predict. 

In order to improve the neural network's performance a larger amount of 
data to gain knowledge from is needed. This means that both more speed-
load combinations need to be measured and more measurements have to 
be done at each running condition. The networks ability to generalize 
the gained knowledge to new speed-load combinations has not been 
investigated in this thesis. The neural network's performance at running 
conditions close to these in the training set should be acceptable while the 
accuracy for totally new speed-load combinations are more unsure. In order 
to increase the ability to generalize more running conditions have to be 
introduced in the training set. It is also possible that a bigger neural network 
is needed in order to store the larger amount of knowledge. 

7.2 Localization of TDC position 

The TDC-position localization with curve fitting gives TDC-positions 
that are about 2 to 4 degrees after measured TDC-position.This corresponds 
well with the result that is shown in [35] that has measured this crank angle 
shift to 3-4 degrees. The crank angle shift is however not the same for 
all cylinders but is stable for the same cylinder for all measurements. The 
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standard deviations (compensated for the crank angle shift) for the cylinders 
are between 0.08 and 0.1 degree crank angle, which has to be considered as 
good. If this shift in crank angle is stable for the same cylinder for different 
engines then this method is possible to be used to determine the position of 
TDC. This has yet not been investigated but the fact that the shift in crank 
angle shows no systematic shift for the six cylinders is a hint that this wont 
work. 

The results with the neural network look more promising but also 
here the ability for the method to apply on more engines has not been 
investigated. The localization error for the validation set for all 6 cylinders 
was found to be ±0.12 CA degrees at 95 %-confidence interval predicted 
from the crankshaft speed fluctuations calculated from 720 crank angle 
pulses/revolution. If the number of pulses is reduced to 45 pulses/revolution 
the error was found to increase only moderately to ±0.16 CA degrees. 

In table 6.3 and 6.4 it is obvious that cylinder 5 has larger standard 
deviation for the validation set than the rest of cylinders, even though the 
standard deviation for the training set is similar to the rest of cylinders. 
The reason for this difference from the rest of cylinders is due to that 
the first speed fluctuation in the validation set for this cylinder differs 
significantly from the speed fluctuations in the training set.This again shows 
the importance of training the neural network with the extremes. 
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8. Future research 

In these studies only one engine has been investigated for each method, 
pressure reconstruction and TDC localization, respectively. It can however 
be expected that engines of the same model will give differences in 
the measured crankshaft speed fluctuations even though the input power 
(combustion or starter engine) is the same. These variations will cause 
problems for the neural network to predict correctly. To investigate these 
differences and the capacity of the neural networks to handle these 
variations, measurements will be carried out on more engines.The question 
to answer is; whether it is possible to train a neural network with 
measurements from one or a few engines to predict unknown engines, but 
of same model? 

If such robustness exists for the maximum pressure prediction the 
research will be enlarged to involve, besides the prediction of maximum 
pressure also start of combustion, pressure rise and IMEP. 

Other areas to investigate for the TDC localization is how the tolerances, 
in for example the piston connecting rods that gives different compression 
volumes, will influence the crankshaft speed fluctuations and therefore also 
the predicted TDC position. Leakage in valves and piston rings will affect 
the compression pressure and consequently the speed fluctuations that will 
affect the predictions of TDC position. 
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Appendix A 

Calculation of speed fluctuations with the 
straight-line approximation method 

The speed is normally calculated from the number of time pulses 
between two angle signals.The speed resolution (s) in rpm with this method 

is given by the sampling frequency (F) in Hz, speed  (n)  in rpm and number 

of pulses/revolution  (N).  

60xFxn 
s=z 	  n 	 (A.1) 

60xF—Nxn 

The straight-line approximation method (SLA-method) uses the fact 
that the measured pulse train from the optical sensor is not really a square 
pulse train. The slope is due to the fact that the optical sensor has a rise time 

that are separated from zero, figure Al. 

-72) 

77'cs 

Time 

Figure Al. A part of the pulse train from the optical sensor. When the signal rises from the 
zero level (no signal) to the signal level this is done over a time given by the systems rise 
time. 

The rise time can be approximated with a straight line and this slope 
is a measure of the rise time. This slope has been calculated from the 
measurements for all measured speed-load-combinations, table Al. Speed 

Al 
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seems from table Al to have a small influence on the rise time. This speed 
influence has been neglected and one slope has been used for all running 
conditions. 

Table Al. The influence of the speed and load on the rise time (expressed as slope) is small 
compared to the variation due both to measurement noise and limited repeatability in the 
sensor. 

I 	800 rpm 1 	1400 rpm I 	2000 rpm 

Median value 

10 % load 2.6 2.4 /.4 

50 % load 2.6 9.4 2.4 

100 % load 2.5 2.4 2.3 

Standard deviation 

10 % load 0.23 0.26 0.27 

50 % load 0.23 0.25 0.30 

100 % load 0.24 0.26 0.30 

The rise time has been approximated with the mean slope for all 
measured conditions. For all pulses a straight line with this slope has been 
fitted and the distance between these pulses can now be calculated with 
better accuracy than given by the sampling frequency, figure A2. 

In figure A3 to A5 is the difference between the SLA-method and the 
normal method to calculate the number of pulses shown. At low speeds 
the difference between these two methods is small while the difference is 
obvious at higher speeds. 

A2 
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Time 

Figure A2. The rise time has been approximated by a straight line with given slope and the 
distance between two lines gives the speed. 
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Figure A3. The dfference between counting the number of time pulses between two crank 
angles (solid) and the SLA-method (dashed) to determine the speed at 800 rpm and 50 % 
load is rather small. The speed with the SLA -method has been shifted 20rpm to increase the 
visibility. 

A3 



Crankshaft speed measurements and analysis for control and diagnostics of diesel engines 

1480 

1460 - 

1440 

1420 

1400 

1380 

1360 	  
-6 -45 -30 -15 TDC 15 30 45 60 

Crank angle (degrees) 

Figure A4. The speed calculated with the SLA-method (dashed) gives a smother curve than 
the speed fluctuations calculated from the number of time pulses between two crank angles 
(solid) at 1400 rpm and 50 % load. The speed with the SLA-method has been shifted 
20rpm to increase the visibility. 
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Figure A5. At high speeds like 2000 rpm (50 % load) the SLA-method (dashed) gives a 
much smoother speed fluctuations than through calculating the number of time pulses (solid). 
The speed with the SLA -methodhas been shifted 20rpm to increase the visibility. 
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Appendix  B  

FFT of crankshaft speed fluctuations 

The FFT analysis has been conducted over 6 revolutions to increase 
the resolution. For low speeds (800 rpm) the dominating frequency is the 
same as the firing frequency as one could expect. At higher speeds (1400 
rpm) the dominating frequency instead is twice the firing frequency, the 
second dominating frequency is 1.5 times the firing frequency and the 
firing frequency can no longer be seen. At even higher speeds (2000 
rpm) the frequency 1.5 times the firing frequency is dominating. The 
double firing frequency component is also strong and at full load the firing 
frequency is showing up again. The reciprocating inertial torque probably 
causes the frequencies 1.5 times and 2 times the firing frequency. 

For some load-speed combinations (especially 1400 rpm, 50 % load and 
2000 rpm, 50% load) low frequency (<order 1) components can be seen, 
these components are caused by instabilities in the engine-dynamometer-
control system at these running conditions causing the engine to shift up 
and down in speed during the measurements. 

Frequency components at frequencies above order 10 are appearing 
more randomly (they are not there for all measurements and varies in 
amplitude and frequency) and have two main reasons. First, they can be 
caused by torsional effects in the crankshaft, order 18.5 that is a rather 
common frequency for 1400 rpm corresponds to approximately 430Hz and 
order 13 at 2000 rpm (also rather common) corresponds also to about 430 
Hz. Secondly, the measurement itself contains high frequency noise and is 
therefore spread over a wider frequency range. 

In each figure the result of 5 FFT analyses are shown and frequencies up 
to order 20 are shown.The reasons why higher frequencies are not shown is 
to increase the visibility and to a small contribution of higher frequencies.  

Bl 
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Figure  Bl.  The FFT-analyses of 5 speed fluctuations at 800 rpm and 10% load is shown in the 
figure. The dominating frequency order 3 is the firing frequency. 
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Figure B2. The FFT-analyses of 5 speed fluctuations at 800 rpm and 50% load is shown in the 
figure. The dominating frequency order 3 is the firing frequency. 
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Figure B3. The FFT-analyses of 5 speed fluctuations at 800 rpm and 100% load is shown in the 
figure. The dominating frequency order 3 is the firing frequency. 
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Figure B4. The FFT-analyses of 5 speed fluctuations at 1400 rpm and 10% load is shown in the 
figure. The reciprocating inertial torque causes the frequencies order 4.5 and order 6. The frequency 
component order 18 is due to torsional vibrations of the crankshaft. 
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Figure B5. The FFT-analyses of 5 speed fluctuations at 1400 rpm and 50% load is shown in the 
figure. The reciprocating inertial torque causes the frequencies order 4.5 and order 6. The peaks at 
frequency order 17 to 18 are due to torsional vibrations of the crankshaft and the changes infrequency 
is due to the fact that the measurements were done at some different speeds because of instability of the 
brake-control-system which also can be seen as frequency less than order1.  
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Figure B6. The FFT-analyses of 5 speed fluctuations at 1400 rpm and 100% load is shown in 
the figure. The reciprocating inertial torque causes the frequencies order 4.5 and order 6. The peaks at 
frequency order 17 to 18 are due to torsional vibrations of the crankshaft and the changes infrequency 
is due to the fact that the measurements were done at some different speeds because of instability of the 
brake-control-system which also can be seen as frequency less than 1. 
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Figure B7. The FFT-analyses of 5 speed fluctuations at 2000 rpm and 10% load is shown in the 
figure. The reciprocating inertial torque causes the frequencies order 4.5. The peak at frequency order 
13 is due to torsional vibrations of the crankshaft.  
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Figure B8. The FFT-analyses of 5 speed fluctuations at 2000 rpm and 50% load is shown in the 
figure. The reciprocating inertial torque causes the frequencies order 4.5 and order 6. The peaks at 
frequency order 11.5 and order 13 are due to torsional vibrations of the crankshaft and the reason 
to different frequencies is due to the fact that the measurements were done at some different speeds. 
Instability of the brake-control-system can be seen as frequency less than order 1 causing slow shifts 
in the speed. 
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Figure B9. The FFT-analyses of 5 speed fluctuations at 2000 rpm and 100% load is shown in 
the figuüiequency order 3 is the firing frequency. The reciprocating inertial torque causes the frequencies 
order 4.5 and order 6. The peak at frequency 13 is due to torsional vibrations of the crankshaft. 
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