


Figure 3.55 — Neural networks types and complexity [31]
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3.9.4 Back-propagation algorithm
The algorithm is widely used by the majority of SAE publications,
especially in engineering, due to its highly-nonlinear function fitting
capabilities. It is based on the error correction rule and it consists of two
passes [30] — Figure 3.56:
1) a forward pass, in which the weights are fixed; when an input is
applied to the node, its effect propagates through the network,

producing an output, which now is compared to the target

Input Output
signal < E signal
(stimulus) (response)

Input First Second Output

layer hidden hidden layer
layer layer
Figure 3.56 —

Network training

back-propagation algorithm:

Function signals

propagates forward while

error propagates

——— Function signals
backwards [30] ~~—- Error signals
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2) a backward pass, in which the error signal, related to the
difference between target and output, propagates backward
through the network against the direction of synaptic connections,
hence the name (error) back-propagation; the weights are now
adjusted so that the new output moves closer to the target.

This iterative process is called learning or training the network.

There are numerous training algorithms in the literature, each of them
providing more precision at the cost of more computational time. For our
case with high nonlinearity between the input, instantaneous engine speed,
and the output, in-cylinder pressure, the preferred one is Levenberg —

Marquardt as a compromise between speed and accuracy — Figure 3.57.



trainb Batch training with weight and bias leaming rules
trainbfg BFGS quasi-Newton backpropagation
Figure 357 — trainbfgc BFGS quasi-Newton backpropagation for use with NN model reference adaptive controller
trainbr Bayesian regularization
Network trainc Cyclical order incremental update
trainin g traincgb Powell-Beale conjugate gradient backpropagation
traincgf Fletcher-Powell conjugate gradient backpropagation
algorithms; traincgp Polak-Ribiére conjugate gradient backpropagation
preferr ed is r fn Gradfent descent b?ckpropa?ation ‘ '
traingda Gradient descent with adaptive learning rule backpropagation
Levenberg — traingdm Gradient descent with momentum backpropagation
M arqu ardt traingdx Gradient descent with momentum and adaptive leaming rule backpropagation
trainlm Levenberg-Marquardt backpropagation
[31] trainoss One step secant backpropagation -
trainr Random order incremental training with leaming functions 'é
trainrp Resilient backpropagation (Rprop) '
trains Sequential order incremental training with leaming functions
\ trainscq Scaled conjugate gradient backpropagation
Acronym | Algorithm Algorithm  Mean Time (s) Ratio  Min. Time (s) | Max. Time (s) Std.
LM trainlm | Levenberg-Marquardt ox
BFG trainbfy | BFGS Quasi-Newton o ne 20 pant 20 i
BFG 27.12 1.47 |16.42 47.36 595
RP trainrp | Resilient Backpropagation SCo %0 195 |19.39 5245 778
SCG trainscyg | Scaled Conjugate Gradient CGF 3793 206 |1889 5034 612
CcGB traincgb | Conjugate Gradient with Powell/Beale Restarts CGB 1993 216 12333 5 42 750
CGF traincgt | Fletcher-Powell Conjugate Gradient CGP 4430 240 |2499 7155 9.89
CGP craincgp | Polak-Ribiére Conjugate Gradient 0SS 4871 264 |2351 80.90 12.33
0SS trainoss | One Step Secant RP £5.91 357 |3183 134.31 34.24
GDX traingdx | Vanable Learmning Rate Backpropagation GDX 188.50 10.22 /8159 279.90 66.67
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3.9.5 Design of the Artificial Neural Network

To our surprise, the design of a neural network does not follow a
strict, well-defined path. The literature provides general rules which are
more likely optimization guidelines such as “do not do this” or “avoid that”
rather than network creating rules. The design of a neural network is ‘more
of an art than a science in the sense that many of the numerous factors
involved in the design are the results of one’s personal experience’
according to S. Haykin [30].

The literature does not provide a general ‘recipe’ for how many
neurons a layer should contain (3, 8, 20...) or how many layers our network
should have (1, 2, 3...) or what transfer function a neuron ought to adopt
(linear, hard-limiter, sigmoid) or what performance function one should use
(sum of errors, mean error, mean square error) or what configuration is the
best (in parallel, in series, combined). One thing must be known for sure
though: the scope of that network or what should it do exactly.

Because there were so many variables involved, many network
configurations had to be tested. Eventually, the optimal one was identified

as having the following characteristics:



Configuration
Number of neurons
Activation function

Training algorithm

Performance function
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3-layer perceptron

20 in each layer

hyperbolic tangent (sigmoid) function
Levenberg-Marquardt
back-propagation

MSE (Mean Squared Error).
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3.9.6 ANN fuel identification on a single-cylinder engine

The tests were performed on the Deutz 0.7 L single-cylinder engine
presented in Chapter 2. The tested fuels were synthetic fuel S-8 CN56,
ULSD CN46, bio-diesel B-100 CN47 and jet fuel JP-8 Kerosene CN31.

The network input is the instantaneous measured crankshaft speed —
Figure 3.58. Nevertheless, in our example at 1400 rpm and O Nm torque,
the four speed patterns are very similar, a fact that makes the fuel
identification process difficult.

In these conditions, the question is what differentiating parameter
should be chosen as a network simulated output so that each fuel can be
uniquely determined.

An idea would be to select the network output to be the in-cylinder
simulated pressure — Figure 3.59. The four pressure patterns for average
100 cycles look fairly different, therefore peak values could be used as a
fuel identifying parameter.

On the other hand, instantaneous peak pressure values have cyclic
variations that must be compensated for. In Figure 3.60 peak values of
measured pressure cyclic variations are represented for all fuels for 200
cycles: 50 cycles of S8, 50 cycles of JP8, 50 cycles of ULSD and 50 cycles

of B100.
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Figure 3.59 — Network output selection: in-cylinder pressure
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The range of variation of peak pressures for each fuel is satisfactory
because a clear separation between the four fuels is possible by using
decision lines, representing a criterion for fuel type identification —
horizontal red lines in Figure 3.60.

To put it briefly, if our tool, the trained Artificial Neural Network, is
able to render dynamically a similar pattern for the simulated pressures too,
using as input the instantaneous crankshaft speed, then the identification of
the four fuels is possible.

As it was mentioned in 3.9.2 the network training represents an
iterative adjustment of biases and weights to achieve a desired
performance. In Figure 3.61 such a process is illustrated. The initial
network structure is on the left hand side of the figure. During the training
process, its biases and weights are modified in steps until the MSE (Mean
Square Error) reaches a pre-set by the user value, e.g. 0.1. In our case the
goal was met after seven steps (epochs).

Some might consider that the lower the MSE (error) is, the better that
network will perform. That is true only apparently, because a too small
desired error, e.g. MSE, leads to a good approximation during training but
to a very poor generalization after that, during testing. Instead of learning,

the network only copies the example in the training.



net =
Meural Metwark object:
architecture:
numlinputs: 1
numLayers: 4
hiasConnect: [1; 1, 1, 1]
inputConnect: [1; 0; 0; 0]
layerConnect: [4x4 boolean]
outputConnect: (000 1]
targetConnect: (D00 1]

numOutputs: 1 (read-only)
numTargets: 1 (read-only)
numlnputDelays: O (read-only)
nurnlLayerDelays: O (read-only)
subobject structures:
inputs: {1x1 cell} of inputs
layers: f4x1 cell} of layers
outputs: {1x4 cell} containing 1 output
targets: {1x4 cell} containing 1 target
biases: {4x1 celll containing 4 biases
input¥eights: {4x1 cell} containing 1 input weight
layerWeights: {4x4 cell} containing 3 layer weights
functions:
adaptFcn: ‘trainim’
gradientFen: (hone)
initFcn: finitlay’
performFen: 'mse’
trainFch: (hone)
parameters:
adaptParam: .epochs, .goal, .max_fail, .mem_reduc,
.min_grad, .mu, .mu_dec, .mu_inc,
.mu_rnax, .show, time, .Ir,
.max_perf_inc, Ir_inc, Ir_dec, .mc
gradientParam: (none)
initParam: (none)
performParam: (none)
trainPararm: (none)
weight and bias values:
[y {4x1 cell} containing 1 input weight matrix
LW {4xd cell} containing 3 layer weight matriced
b: {4x1 cell} containing 4 bias vectors
other:
userdata: (user infarmation)
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Z ’ f ' TRAINLM-, Epoch 3/1000, M3E 0.10365/0.1, Gradient 0.275607/1e-100
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Desired performance
-
- Training > (Mean Square Error) reached

Figure 3.61 — Network training: an iterative adjustment of biases and weights to achieve a desired

performance; in our case the goal was met in 7 steps (epochs) [31]
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According to [30], a neural network that is designed to generalize well
will produce a correct input-output mapping even when the input is slightly
different from the examples used to train the network, as illustrated in
Figure 3.62. When, however, a neural network learns too many input-
output examples, the network may end up memorizing the training data. It
may do so by finding a feature (due to noise, for example), that is present
in the training data but not true of the underlying function that is to be
modeled. Such a phenomenon is referred to as overfitting or overtraining.
When a network is overtrained, it simply loses the ability to generalize
between similar input-output patterns.

Once the network was trained, it was tested with input speed cycles
never seen before. The results are fairly good: as in the case of measured
pressures, the range of variation of simulated peak pressures for each fuel
Is satisfactory - Figure 3.63. Consequently, a clear separation is possible
by drawing decision lines between simulated peak pressures, as a criterion
for fuel type identification.

A Matlab dynamic demonstration is also provided in Figure 3.64. Also
the Matlab code for the computation of the fuel identification on a single-

cylinder engine is presented in the Appendix.
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3.9.7 ANN fuel identification on a six-cylinder engine

The tests were performed on the Mercedes 7.2 L six-cylinder engine
presented in Chapter 2. The tested fuels were: synthetic fuel S8 CN56,
ULSD CN46 and Bio-diesel B100 CN47. Jet fuel JP8 Kerosene CN31 could
not be tested because the engine did not fire.

The network input is the instantaneous measured crankshaft speed —
Figure 3.65. At 1300 rpm / 360Nm torque, the three speed patterns are
very similar, a fact that makes the fuel identification process difficult.

The question is what differentiating parameter should be chosen as a
network simulated output so that each fuel can be uniquely determined.
The idea to select the network output to be the in-cylinder simulated
pressure may not work here because their peaks are very close to each
other — Figure 3.66. Because cyclic peak pressures fluctuate and their
values interfere considerably they cannot be used as a fuel identifying
parameter.

However, another parameter such as the rate of pressure rise
provides a clear differentiation between the three fuels, thus it can be used

as an identifying parameter, representing the network output - Figure 3.67.
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Instantaneous peak rates of pressure rise have cyclic variations that
must be compensated for. In Figure 3.68 peak values of measured
pressure cyclic variations were represented for all fuels for 150 cycles: 50
cycles of S8, 50 cycles of ULSD and 50 cycles of B100.

The range of variation of peaks of rate of measured pressure rise for
each fuel is satisfactory because a clear separation between the three fuels
Is possible by using decision lines, representing a criterion for fuel type
identification — horizontal red lines in Figure 3.68.

It means that if the trained Atrtificial Neural Network is able to provide
dynamically a similar pattern for the peaks of the simulated rate of pressure
rise too, using as input the instantaneous crankshaft speed, then the
identification of the three fuels is possible.

By following the same procedure as described in Figure 3.61 the
network training process is illustrated for the six-cylinder case in Figure
3.69.

The initial network structure is on the left hand side of the figure.
During the training process, its biases and weights are modified in steps
until the MSE (Mean Square Error) reached 0.1, a value pre-set by the user

value. In our case the goal was met after two steps (epochs).
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net =
Meural Metwork object:
architecture:
numinputs: 1
nurmlLayers: 4
biasConnect: [1; 1, 1; 1]
inputConnect: [1; 0; 0; 0]
layerConnect: [4x4 boolean)
outputConnect: (000 1]
targetConnect: [000 1]

numQutputs: 1 (read-only)
numTargets: 1 (read-only)
numinputDelays: O (read-only)
numlLayerDelays: O (read-only)
subobject structures:
inputs: {1x1 cell} of inputs
layers: {4x1 cell} of layers
outputs: {134 cell} containing 1 output
targets: {1x4 cell} containing 1 target
biases: {4x1 cell} containing 4 biases
inputyWeights: {4x1 cell} containing 1 input weight
layerWeights: {4x4 cell} containing 3 layer weights
functions:
adaptFen: trainlm’
gradientFen: (hone)
initFcn: finitlay’
performFcn: 'mse’
trainFecn: (none)
parameters:
adaptParam: .epochs, .goal, .max_fail, .mem_reduc,
.min_grad, .mu, .mu_dec, .mu_inc,
mu_max, .show, time, .r,
max_perf_inc, r_inc, Ir_dec, .mc
gradientParam: (none)
initPararn: (none)
performParam: (none)
trainFaram: (none)
weight and bias values:
W {41 cell} containing 1 input weight matrix
LW {4xd cell} containing 3 layer weight matrices
b: {4x1 cell} containing 4 bias vectors
other:
userdata: (user information)
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Figure 3.69 — Network training: an iterative adjustment of biases and weights to achieve a desired
performance; the goal was met in 2 steps (epochs) [30]
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Once the network was trained, it was tested with input speed cycles
never seen before. The results are promising: similar to the case of
measured pressures, the range of variation of the peaks of simulated rate
of pressure rise for each fuel is satisfactory - Figure 3.70. A clear
separation is possible by drawing decision lines between simulated peaks
of rate of pressure rise, as a criterion for fuel type identification.

A Matlab dynamic demonstration is provided in Figure 3.71. Also the
Matlab code for the computation of the fuel identification on a multi-cylinder
engine is presented in the Appendix.

In conclusion, for single and multi-cylinder engines the Neural
Network Model requires only a shaft encoder or a proximity transducer
working with the teeth of the starter gear, ensuring accurately the fuel type
recognition. This technique does not require a dynamic model of the
crankshaft and can be applied on any engine, regardless of the number of
cylinders. It can be utilized in all cases, including those where the previous

three methods have failed.
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CHAPTER 4

CONCLUSIONS AND FUTURE WORK

4.1. Conclusions

On-board fuel identification is important to ensure engine safe
operation, similar power output, fuel economy and emissions levels when
different fuels are used.

Real-time detection of physical and chemical properties of the fuel
requires the development of identifying techniques based on a simple,
non-intrusive sensor. The measured crankshaft speed signal, which is
already available on series engine, can be utilized to estimate at least one
of the essential combustion parameters such as peak pressure and its
location, rate of cylinder pressure rise and start of combustion, which are
an indicative of the ignition properties of the fuel.

Four methods have been developed in this research work to identify
the fuel type. Their particularities are presented below as follows:

- the Model-Based Recognition Method reconstructs the cylinder
pressure trace and estimates the fuel identifying combustion
parameters in a reasonable manner; it cannot be implemented for

real time controls on engines having more than one cylinder, because
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of the large amount of computations required in a very short period of
time

the Direct Recognition Method can be applied on single and four-
cylinder engines; it provides satisfactory results for peak pressure
and its location, which are an indicative of the ignition properties of
the fuel

the Start of Combustion Approach yields fairly accurate values for
the start of combustion / ignition delay; it cannot be applied on
engines having more than four cylinders due to the increased
disturbance produced by other cylinders when a cylinder is firing

the Artificial Neural Network Method can be applied on any engine,
regardless of the number of cylinders, including in those cases where
the previous three methods have failed; it is able to identify four fuels
(S-8, JP-8 , ULSD, B100) on a single-cylinder engine and three fuels
(S-8, ULSD, B100) on a six-cylinder engine; its neural parameters
such as input weights, layer weights, biases can be stored in the
memory of the ECU of any similar production engine and used as a
reliable tool for automatic change of injection control strategy when

detecting a different fuel.
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In conclusion, the four techniques presented previously demonstrate
that the fuels studied in this paper can be identified on-board with high
accuracy on single and multi-cylinder engines, using the measured engine

speed signal.

4.2. Future work
As a consequence, the proposed research for the future is as follows:
- extend the identification procedure to a larger number of fuels
- improve the identification procedure, including for applications with
fuel blends
- improve the neural network model by using several inputs, more

layers of neurons and, possibly, several outputs.
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APPENDIX

COMPUTATION CODES

Crankshaft speed computation from in-cylinder pressure - Matlab code

Q

Q

% Transfer matrices calculation for the single cylinder engine

% Import speed and pressure file data (for ex. Press 1200 81.xls, Excel

format) then create a "pressure" file to be used in our calculations

for n=1:720 pressure(n

)=1le5* (Pres 1500 4Nm ULSD(n)-1);

speed (n)=Speed 1500 4Nm ULSD(n); % measured at the flywheel, for
comparison purposes only

end

%General engine data
D=80e-3;

S=82e-3;

R=S/2;

LCR=135e-3;
MTR=0.898;

o o° o o°

o

$Dynamic system

Ctors=[0 1.6e6 0 1.3e6];

[Nm/rad]

Jp=[0.002 0 0.0013 0 0.263];

or kg*m2]

r=[0 0 2 0 0.01];
[N*m*s or kg*m2/s]
f=[0 80 0 807];
[N*m*s or kg*m2/s]

%Basic parameters

crad=pi/180;
lambda=R/LCR;
[non-dimensional]
Ap=pi*D*D/4;

o

oe

Bore [m]
Stroke [m]
Crank radius = half of the stroke [m]
Length of conrod [m]
Mass in translation [kgl
% Torsional stiffnesses
% Mass moments of inertia [Nms2

o©°

Absolute damping coefficients

o

Relative damping coefficients

Ratio between the crank radius and the connecting rod

Piston area

[m2]

ki=MTR*R/Ap; % Multiplying coefficient
[kg/m]

kfr=Ap*R; % Multiplying coefficient to obtain the gas pressure
torque from the tangential gas pressure [m3]
KARM=24; % Number of harmonics
smean=0;

for n=1:720 smean=smean+speed(n) ;

end

smean=smean/720; % Engine speed [rpm]
omg=pi*smean/30; % Angular speed [rad/s]

Q

% Harmonic analysis of speed
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% 1) Calculus of harmonic coefficients Ak or ahs(k), Bk or bhs (k) and Ck or
chs (k) for speed
for k=1:KARM ah (k)=0;bh(k)=0;
for n=1:720 arg=(n-1) *crad;
ah (k) =ah (k) +speed (n) *cos ( (k/2) *arqg) ;
bh (k) =bh (k) +speed (n) *sin ((k/2) *arqg) ;
end
ahs (k)=ah (k) /360; bhs(k)=bh(k)/360; chs(k)=sqrt (ah(k)*2+bh(k)"2);
fprintf('k $3.1f Ak=%8.5e Bk=%8.5e Ck=%8.5e\n',k,ahs (k),bhs (k),chs(k));
end

Q

% 2) Speed curve reconsruction, veloc = f (teta)

for n=1:720 sve=smean;
arg=(n-1) *crad;
for k=1:KARM

sve=sve+ahs (k) *cos ((k/2) *arg) +bhs (k) *sin ((k/2) *arg) ;
end

veloc (n) =sve;

end

o)

% Harmonic analysis of the tangential gas pressure and Gas Pressure Torque

o)

% 1) Direct computation of the tangential gas pressure from measured data
press _carter=20000;
for n=1:720 teta=(n-1) *crad;
beta=asin (lambda*sin (teta)) ;
trig(n)=sin (teta+beta) /cos (beta);
ptg(n)=(pressure (n)-press_carter) *trig(n);
end

% 2) Indirect computation of the tangential gas pressure from the harmonic
analysis

% 2a) Calculus of harmonic coefficients Ak or ahp(k), Bk or bhp (k)
and Ck or chp(k):
for k=1:KARM a(k)=0;b(k)=0;

for n=1:720 arg=(n-1) *crad;
a (k) =a (k) +ptg(n) *cos ((k/2) *arg) ;
b (k)=b (k) +ptg(n) *sin ((k/2) *arg) ;
end

ahp (k)=a (k) /360; bhp(k)=b(k)/360; chp(k)=sqgrt (a(k)"2+b(k)"2);
fprintf ('k %$3.1f, Ak=%8.5e, Bk=%8.5e, Ck=%8.5e\n', k, ahp(k),bhp(k),chp(k));
end

o\°

2b) Calculus of average tangential gas pressure
sve=0;
for n=1:720 sve=sve+ptg (n) ;
end
pt_avg=sve/720;
% 2c) Gas Pressure Torque curve reconstruction, £ (CAD):
for n=1:720 arg=(n-1) *crad;
sve=pt avg;
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for k=1:KARM
sve=sve+ahp (k) *cos (k/2*arg) +bhp (k) *sin (k/2*arqg) ;

end
ptang (n)=sve; gptorque (n)=kfr*ptang(n); % smoothed PTG by Harmonical Analysis
end

Q

% Harmonic analysis of the Inertia Torque (rolling moment) :

% 1) Calculus of harmonic coefficients
bi=zeros (1, KARM) ;

2)=ki* (omg"2) * lambda/4+lambdaA3/l6+15*lambdaA5/512)

( (
bi(4)=-ki* (omg”"2)* (1/2+lambda”4/32+1lambda”6/32)
bi(6)=-ki* (omg”2)* (3*lambda/4+9*lambda” 3/32+81*lambda 5/512)
bi(8)=-ki* (omg"2)* (lambda"2/4+lambda”4/8+1lambda” 6/16
bi(10)=ki* (omg"2)* (5*lambda”~3/32+75*1lambda” 5/512
bi(12)=ki* (omg"2)* (3*lambda”4/32+3*1lambda”6/32)
for k=1:KARM al( y=kfr*bi (k) ;
m(k)=kfr* (ahp(k)):; % coeff-s corresp to the real
part of the engine torque (cosine)
bm(k)=kfr* ((bhp (k) +bi(k))); % coeff-s corresp to the
imaginary part of the engine torque (sine)
end

% 2) Calculus of the average Inertia Torque

in avg=0; % work done by the inertia forces in 1 cycle is 0 (zero) = average
inertia torque * crank radius, so average inertia torque = 0 (zero)

% 3) Tangential Inertia Torque curve reconstruction, £ (CAD):
for n=1:720 arg=(n-1) *crad;
sve=in_avg;
for k=1:KARM sve=sve+ai (k) *sin (k/2*arqg) ;
end
itorque (n)=sve; % smoothed Inertia Torque by Harmonical Analysis
end

Q

% Total Engine Torque (Gas Pressure Torque + Inertia Torque) :

for n=1:720 torque (n)=gptorque (n)+itorque (n) ;
end

sve=0;

for n=1:720
sve=sve+torque (n) ;

end

avgtorque=sve/720; avgtorque

% Building the transfer matrices
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for k=1:KARM

mpl=eye (5,5); mp2=eye(5,5); mp3=eye(5,5); mpd=eye(5,5); mpb=eye(5,5);

% Point matrices : for single cylinder case, there are 3 matrices
corresp. to 3 masses : pulley, crankslider mechanism, flywheel

mpl (2,1)=-Jp (1) * (k/2*omg) *2; mpl(2,3)=-r(1)*(k/2) *omg; mpl (4,1)=-
mpl (2,3); mpl(4,3)=mpl(2,1);

mp3(2,1)=-Jdp(3) * (k/2*omg) *2; mp3(2,3)=-r(3)*(k/2)*omg; mp3(2,5)=-am(k);
mp3(4,1)=-mp3(2,3); mp3(4,3)=mp3(2,1); mp3(4,5)=bm(k);

mp5(2,1)=-Jdp(5) * (k/2*omg) *2; mp5(2,3)=-r(5)*(k/2) *omg; mp5(4,1)=-
mp5(2,3); mpb5(4,3)=mp5(2,1);

% Field matrices : for single cylinder case, there are 2 matrices
corresp. to the 2 inter-connecting shafts

mod2=Ctors (2) "2+ (£ (2) * (k/2) *omg) ~2;

mp2 (1,2)=Ctors (2) /mod2; mp2(1,4)=f(2)*(k/2)*omg/mod2; mp2(3,2)=-mp2(1,4);
mp2 (3, 4) =mp2 (1,2) ;

mod4=Ctors (4) "2+ (£ (4) *(k/2) *omg)A2,

mp4 (1,2)=Ctors (4) /mod4; mp4d (1,4)=f(4)*(k/2)*omg/mod4; mp4 (3,2)=-mp4 (1,4);
mp4 (3, 4) =mp4 (1,2) ;

o)

% Total transfer matrix = product of all matrices
mh=mp5*mp4 *mp3*mp2*mpl ;

[

% Real and imaginary components of the angular deflection of the 1st and
last masses (the calculus for any other mass in between is similar)

numi=mh(2,1)*mh(4,3)-mh(2,3)*mh(4,1); % the common numerator

tlr(k)=(-mh(2,5)*mh(4,3)+mh(4,5)*mh (2,3))/numi; % real component of the
angular deflection of the 1lst mass (pulley)
tli(k)=(-mh(4,5)*mh(2,1)+mh(2,5)*mh(4,1))/numi; % imaginary component of

the angular deflection of the 1lst mass (pulley)
tnr(k)=mh(1,1)*tlr(k)+mh(1,3)*tli(k)+mh(1,5); s real component of the

angular deflection of the last mass (flywheel)
tni(k)=mh(3,1)*tlr(k)+mh(3,3)*tli(k)+mh(3,5); % imaginary component of

the angular deflection of the last mass (flywheel)

end

o

for n=1:720 teta=0; tv=0; tetan=0; tvn=0;
arg=(n-1) *crad;
for k=1:KARM
teta:teta+t1r(k)*cos(arg*k/Z)—tli(k)*sin(arg*k/Z
tv=tv+ (-tlr (k) *sin (arg*k/2)-tli (k) *cos (arg*k/2)) (k/2)
tetan=tetan+tnr (k) *cos (arg*k/2) -tni (k) *sin(arg*k/2) ;
tvn=tvn+ (-tnr (k) *sin(arg*k/2)-tni (k) *cos (arg*k/2)) * (k/2)
end
theta (n)=teta*180/pi; % simulated deflection at the pulley [hexadecimal
degrees]
speedsim(n)=(1+tv) *smean; % simulated speed at the pulley [rpm]
thetan (n)=tetan*180/pi; % simulated deflection at the flywheel [hexadecimal
degrees]
speedsiml (n)=(1l+tvn) *smean; % simulated speed at the flywheel [rpm]
end
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figure (1)

n=1:720;

plot(n,gptorque(n), 'r',n,itorque(n), 'b',n, torque(n), 'k',n,avgtorque, 'g'),grid
,xlabel ('Crank Angle - Degrees'), ylabel('Torque - Nm'), title('Gas Pressure
Torque (red), Inertia Torque (blue), Total Engine Torque (black)');

figure (2)

$n=1:720;

plot (n, speed(n), 'b',n,veloc(n), 'k',n, speedsiml (n),'r',n, speedsim(n), 'qg'),
grid, xlabel ('Crank Angle - Degrees'), ylabel ('Speed - rpm'), title('Flywheel
measured speed (blue), Flywheel measured speed - smoothed by harmonics
(black), Flywheel simulated speed from pressure (red), Pulley simulated speed
from pressure (green)');

n=1:720; plot(n,speed(n),'b',n,speedsiml(n),'r"'), grid, xlabel ('Crank Angle -
Degrees'), ylabel ('Speed - rpm'), title('Flywheel measured speed (blue),
Flywheel simulated speed from pressure (red)');

$figure (3)

%$n=1:720; plot(n,thetan(n),'r',n,theta(n),'b'), grid, xlabel ('Crank Angle -
Degrees'), ylabel('Deflection - degrees'), title('Simulated deflection at the
flywheel (red), Simulated deflection at the pulley (blue)');
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In-cylinder pressure computation from crankshaft speed (Matlab code)

0900000000000000000000000000000000

% import pressure data

for n=1:720

spres (n)=Deutz presl300 (n);

$pres (n)=Pres2000_ 81 (n);

$pres (n)=Presl200 81 (n);

spres (n)=Presl1l500 81 (n);

$press (n)=pres_mercedes (n); %From D/recopres
press(n)=Pres 1500 4Nm ULSD(n); %from D/Single cylinder
speeds (n)=Speed 1500 4Nm ULSD(n); % from D/Single cylinder
end

srev=0;

% Claculate mean engine speed

for n=1:720
srev=srev+speeds (n) ;
pres (n)=press (n);
speed (n) =speeds (n) ;

end

REV=srev/720; % Engine speed

% general engine data
9999999909090 90009099000000
OO0OO0OOOOOOOODOOODOOOOODOODO
D= 80e-3; % bore

S= 82e-3; % Stroke

LCR= 135e-3; % length of the connrod
mbl1=1.834; % mass of the connrod
MTR= 1.3542; % Translating mass

omg2=omg”"2;

crad=pi/180;

lamb=S/ (2*LCR) ;

csi=0; %7227

fp=pi*D*D/4;

ki=MTR*S/ (2*fp) ;

kfr=fp*S/2;

kii=csi*mbl*S/ (2*fp); % 2722

KARM=160; % number of harmonic components (analysis)
KARMS=24; % number of harmonic components (reconstruction)

Q

% Tangential gas pressure

for n=1:720

teta=(n-1)*pi/180;

beta = asin(lamb*sin(teta)) ;
trig(n)=sin (teta+beta) /cos (beta)

pt(n)=(pres(n)-0.1)*trig(n); % pt(n) tang. gas pres. from measured speed
end



- 231 -

for n=1:720
ahO=ahO0+pt (n) ;

end

pt0=ah0/720;

for k=1:KARM

ah=0; bh=0;

av=0; bv=0;

aw=0; bw=0;

for n=1:720
arg=k* (n-1) *crad/2;
ah=ah+pt (n) *cos (arg); % harmonic components TGP
bh=bh+pt (n) *sin (arqg) ;

Q

av=av+speed (n) *cos (arg); % harmonic components speed (rpm)

bv=bv+speed(n)*sin(arg)
aw=aw+ (pi*speed(n) *cos (
bw=bw+ (pi*speed(n) * 51n(
end
ahp
bhp

))/30

k)=ah/360;
k) =bh/360;
y=av/360;
( )=bv/360;
w(k ) =aw/360;
bw( =bw/360;
chp (k) =sqgrt (ahp (k) “2+bhp (k) *2) ;
fprintf('k $3.1f Ak= %8.5e Bk=

(
(
(k
k

% curve reconstruction from armonic components
2929009000000 000000000000900000000000000000009000
OO0OOOOOOOOOOOOOOOOOOOOOOOOODOOODOOOOODOOODOOOOOOOOO™©O
for n=1:721

arg=(n-1) *crad;

ptg=0; recspeed=0; alfa=0; crank=0;

for k=1:KARM
ptg=ptg+ahp (k) *cos (k*arg/2) +bhp (k) *sin (k*arg/2); % TGP
recspeed=recspeed+av (k) *cos (k*arg/2) +bv (k)
(rpm)
alfa=alfa-2*bw (k) *cos (k*arg/2) /k+2*aw (k)
%$crankacc=crank+
end

Q

%$8.5e\n', k, av(k), bv(k));

*sin (k*arg/2)

*sin (k*arg/2) /k;

)/30; % harmonic components angular speed

Q

% speed

o)

% deflection

ptang (n)=ptg+pt0; % TGP including mean value (from Harmonic analys)

o)

rspeed (n)=recspeed+REV; % speeed (rpm)

ralfa(n)=alfa; % Deflection (radians)

for n=2:719

if abs(trig(n))<2e-2

prescyl (n)=(pt (n+l)-pt(n-1))/(trig(n+l)-trig(n-1)); % cylinder pressure
from PTG

recop (n)=(ptang (n+1) -ptang(n-1))/ (trig(n+l)-trig(n-1)); %
pressure from Harmonic Analysis.

cylinder
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else prescyl (n)=pt(n)/trig(n); recop(n)=ptang(n)/trig(n);

9900000000000000000000000000000000000

$Ctors=[0 1.608747e5 0 1.3023596e5]; %Stiffness

Ctors=[0 1.608e9 0 2.6e9];

Jp=[0.021185 0 0.07955 0 0.170]; % mass moments of inertia
fr= [0 0 0.02 0 0.01]; % Absolute dampings

ff=[0 12 0 12]; % Relative dampings

Jtot= Jp (1) +Jp (2)+Jp (3)+Jp (4)+Ip(5);

bi=zeros (KARM) ;

bi(2)=ki*omg2* (lamb*lamb/4) *lamb/4;
bi(4)=-omg2*ki* (1+(lamb”4)/16)/2;
bi(6)=-ki*omg2* (1+3*lamb*lamb/8) *3*lamb/4;
bi(8)=-omg2*ki* (1+lamb*lamb/2)*lamb*lamb/4;
bi(10)=ki*5* (lamb”3)/32;

bi(12)=3*omg2*ki* (lamb"4)/32;
alp=0;

am(k)=kfr* (ahp (k) *1eb);
bm (k) =kfr* ((bhp (k) *1e5+bi (k)));

arg=(n-1)*pi/180;
savept=p0;
savep=0;
for k=1:KARM
savept=savept+am (k) *cos (k*arg/2) +bm (k) *sin (k*arg/2); % includes mean
component
savep=savep+ahp (k) *cos (k*arg/2) +bhp (k) *sin (k*arg/2); % only harmonic
components
end
presnew (n)=savept; % Cylinder torque, including mean component
pcylnew (n)=savep*kfr*leb; $ Gas pressure torque without mean component
end
% presnew(n) Cylinder torque from harmonic analysis of the measured presure +
inertia component

o)

% pcylnew(n) Gas pressure cylinder torque
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for k=1:KARMS;
mpl=zeros (5,5); mp2=zeros(5,5); mp3=zeros(5,5); mpd=zeros (5,5);
mpS5=zeros (5,5); ha=zeros(4); hb=zeros (4);
for m=1:5
for n=1:5
if m==n
mpl (n,m)=1; mp2(n,m)=1; mp3(n,m)=1; mp4(n,m)=1; mp5(n,m)=1;
else
mpl (n,m)=0; mp2(n,m)=0; mp3(n,m)=0; mp4(n,m)=0; mp5(n,m)=0;
end
end
end

mpl (2,1)=-Jdp (1) *((k/2) *omg) *2; mpl(2,3)=-fr(1l)*((k/2)*omg); mpl(4,1)=-

mpl (2,3); mpl(4,3)=mpl(2,1);

mp3(2,1)=-Jp (3) * ((k/2) *omg) *2; mp3(2,3)=-fr(3)*((k/2)*omg); mp3(4,1)=-

mp3(2,3); mp3(4,3)=mp3(2,1); mp3(2,5)=-am(k); mp3(4,5)=bm(k);

mp5(2,1)=-Jdp (5) * ((k/2) *omg) *2; mp5(2,3)=-fr(5)* ((k/2)*omg); mp5(4,1)=-

mp5(2,3); mp5(4,3)=mp5(2,1);

mod2=Ctors (2) "2+ (£f£(2) * (k/2) *omg) "2; mod4=Ctors(4)"2+(ff(4)* (k/2)*omg) "

mp2 (1,2)=Ctors (2) /mod2; mp2(1l,4)=ff(2)*(k/2)*omg/mod2; mp2(3,2)=-
mp2(1,4); mp2(3,4)=mp2(1,2);
mp4d (1,2)=Ctors (4) /mod4; mp4d (1,4)=ff(4)*(k/2)*omg/mod4; mp4d (3,2)=-
mp4 (1,4); mp4(3,4)=mp4(1,2);
% DIRECT CALCULATION
mh=mp5*mp4 *mp3*mp2*mpl;
% Deflection first mass
numi=mh (2, 1)*mh(4,3)—mh(4,1)*mh(2,3);
tlr (k)=(-mh(2,5)*mh(4,3)+mh (4,5) *mh (2, 3)) /numi;
tli(k)= (- h 2,1)*mh(4,5)+mh (4, 1) *mh (2,5)) /numi;
% tlr (k)=aw(k);
$ tli(k)=bw(k);
$Deflection flywheel

—_~ e~~~

tnr(k)=tlr(k)*mh(1,1)+tli(k)*mh(1,3)+mh(1,5);
tni(k)=tlr(k)*mh(3,1)+tli(k)*mh(3,3)+mh(3,5);
tnc (k)= sqgrt (tnr (k) "2+tni (k) "2);

% determine terms for reverse calculation
% Harmonic components of deflection at mass #1 from measured speed

reall(k) (aw (k) /mh (1, 3)—b k) /mh (3, 3)+mh 1,5)/mh(1,3)-
) /mh ( 3 3))/( ,1)/mh 1,3)- )y /mh (3,3));
imagl(k) (aw (k) /mh (1 )—bw(k)/mh(3,1)+mh(1,5)/mh(l,l)—
h(3,5)/mh(3,1))/(m ( ,3)/mh(1,1)-mh(3,3)/mh(3,1));
ha (1)=-mp4 (1,2); hb(1)=—-mp4(1,4);
ha(2)=—l+( Jp (5) *Ctors (4)-fr(5)*ff(4)) * (((k/2) *omg) /mod4
hb (2) = (k/2) *omg* (Jp (5 )*ff(4)*((k/2)*omg)A2+fr(5)*Ctors ) /mod4 ;
ha (3)=-hb (1) ; hb(3):ha(l);
ha (4)=-hb (2); hb(4)=ha (2);
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Q

% torque harmonic components
numit=ha (2) *hb (4) -ha (4) *hb (2) ;

Tre(k)=((mh(4,1)*tlr(k)+mh(4,3)*tli(k))*hb(2)-
(mh(2,1)*tlr(k)+mh(2,3)*tli(k))*hb(4)) /numit;
Tim(k)=((mh(2,l)*tlr( )+mh (2,3) *tli(k)) *ha(4) -
(mh(4,1)*tlr(k)+mh(4,3)*tli(k))*ha(2))/numit;

Timp (k) =Tim (k) +kfr*bi (k) ;

% reverse calculation (torque harminic components from measured speed)
Tgre (k)=((mh (4,1) *reall (k) +mh (4, 3) * imagl(k))*hb(Z)—
(mh(2,1)*reall (k) +mh (2, 3) *imagl (k) ) *hb (4) ) /numit;

Tgim(k)=((mh(2,1) *reall (k) +mh (2 )*1magl( )) *ha (4) -

(mh(4,1)*reall (k) +mh (4, 3) * 1magl( )) *ha (2)) /numit;

Tgimp (k) =Tgim (k) +kfr*bi (k) ;

% Solution of the system of four equations

Delh=[mh(1,1) mh(1,3); mh(2,1) mh(2,3); mh(3,1) mh(3,3); mh(4,1) mh(4,3)]1;
Delha=[ha(l) ha(2) ha(3) ha( 4)]; Delhat= Delha ;

Delhb=[hb (1) hb(2) hb(3) hb(4)]; Delhbt=Delhb’';

tlib=[tnr(k) 0 tni(k) 0]; tlibt=tlib'; % from simulated speed

libt=[aw (k) 0 bw (k) 0]; libtt=1libt'; % from measured speed

Delt=[Delh Delhat Delhbt];

numid=det (Delt) ;

Deltre=[Delh tlibt Delhbt]; % from simulated speed

Deltim=[Delh Delhat tlibt]; % from simulated speed

Difre=[Delh libtt Delhbt]; % from measured speed

Difrim=[Delh Delhat 1libtt]; from measured speed

end

% results: teta=deflection, tv=speed, tetan=deflection flywheel,

% tvn = speed flywheel

for n=1:720
arg=(n-1) *crad;
teta=0; tv=0; tetan=0; tvn=0; tacn=0; torg=0;

for k=1:KARMS
% From simulated speed

teta=teta+tlr(k)*cos(k*arg/Z)—tli(k)*sin(k*arg/Z)'

tv=tv+ (-tlr (k) *sin (k*arg/2)-tli (k) *cos (k*arg/2))*(k/2);

tetan=tetan+tnr (k) *cos (k*arg/2) -tni (k) * 51n(k*arg/2),

tvn=tvn+ (-tnr (k) *sin (k*arg/2) -tni (k) *cos (k*arg/2)) * (k/2

tacn=tacn+ (-tnr (k) *cos (k*arg/2)+ (tni(k)) *sin(k*arg/2))* (k/2)

torg=torg+Tre (k) *cos (k*arg/2) -Tim (k) *sin (k*arg/2) ;

% From measured speed
momt=torg+Tqgre (k) *cos (k*arg/2)-Tgim (k) *sin (k*arg/2)
tetam=teta+reall (k) *cos (k*arg/2)-imagl (k) *sin (k*arg/2)
accn=tacn+ (-reall (k) *cos (k*arg/2) +imagl (k) *sin (k*arg/2)) * (k/2) "2

end

o

theta (n)=teta; % deflection mass #1, direct calculation

omega (n)=(1+tv) *REV*pi/30; % speed mass #1, direct calculation
thetan (n)=tetan; % deflection flywheel, direct calculation

omegan (n)=(1l+tvn) *REV*pi/30; % speed flywheel, direct calculation

acceln (n)=Jtot*tacn* (REV*pi/30)"2; % acceln(n)=tacn* (REV*pi/30)"2; %
acceleration flywheel, direct calculation
maccel (n)=Jtot*accn* (REV*pi/30)"2; % From measured speed

torque (n)=torq; % engine torque from simulated speed (reverse calculation)
mtorqg (n)=momt; % engine torque from measured speed
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end
% Harmonic components of the reconstructed torque
2929009000000 00000000000000090000000000000000009
OOOOOOOOOOOOOOODOOODOODOOODOOODOOODOODOOODOOODOOODOOOOODOODO
for k=1:KARMS

% from simulated speed

ap (k)= (Tre (k) *1le-5) /kfr;

bp (k) =-(Tim (k) /kfr+bi (k)) *le-5;
% from measured speed

apm (k)= (Tgre (k) *1e-5) /kfr;

bpm (k) =(Tgim (k) /kfr+bi (k)) *1le-5;
end
% curve reconstruction
for n=1:721

arg=(n-1) *crad;

ptg=0;

for k=1:KARMS

ptg=ptg+ap (k) *cos (k*arg/2) +bp (k) *sin (k*arg/2) ;
ptgm=ptg+apm (k) *cos (k*arg/2) +bpm (k) *sin (k*arg/2) ;
end

pptang (n)=ptg+pt0; % tangential gas pressure from simulated speed
(reverse calculation)

mptang (n) =ptgm+pt0; $ TGP from measured speed
end
for n=2:719

dpt (n) = (pptang (n+1) -pptang(n-1))/2; % differential of tangential gas
pressure (from simulated speed)

dspeed(n)=(acceln(n+l)-acceln(n-1))/2; % differential of acceleration
tumes the total mass moment of inertia (from simulated speed)

dprec(n)=(torque (n+l)-torque (n-1))/2; % differential of torque (from
simulated speed)

difpt (n)=(mptang (n+1l)-mptang(n-1))/2;

difacc (n)=(maccel (n+l) -maccel (n-1))/2;

diftrg(n)=(mtorqg(n+l)-mtorg(n-1))/2;
end
% Cylinder pressure reconstruction
for n=2:719

if abs(trig(n))<2e-2

reccop (n) = (pptang (n+l) -pptang (n-1) )/ (trig(n+l)-trig(n-1));% reccop (n)
cylinder pressure from measured speed (reverse calculation)

repcyl (n)=(mptang (n+1) -mptang (n-1))/ (trig(n+l)-trig(n-1));

else reccop (n)=pptang(n)/trig(n); repcyl (n)=mptang(n)/trig(n);
end

end

o\°

pt=Tangential pressure calculated from presure trace,

% ptang= reconstruction from harmonic components

figure (1) % Tangential gas pressure from measured pres (red), from harmonic
analysis (blue), from reconstruction (cyan)

n=1:720;

plot (n-1, ptang(n), 'r', n-1, pt(n), 'b', n-1, mptang(n), 'c'), grid;

xlabel ('Crank Angle - degrees'), ylabel('bar'), title('Tangential gas
pressure; blue-from pressure trace, red-from harmonic analysis, cyan-from
measured speed');



- 236 -

[

figure (2) % Measured cylinder pressure, cylinder pressure from tangential gas
presure

% pres= imported pressure trace,

% prescyl=pressure trace reconstructed from tangential pressure

n=2:719;

plot(n-1, pres(n), 'b', n-1, prescyl(n)+0.1, 'r'), grid; xlabel ('Crank Angle
- degrees'), ylabel('bar'), title('Cylinder pressure; blue measured, red
harmonic analysis');

% prescyl=pressure trace reconstructed from tangential pressure

% recop=pressure trace reconstructed from harmonic omponents of tangential
pressure
% reccop(n) cylinder pressure from measured speed (reverse calculation)
figure(3) % measured cylinder pressure, from harmonic analysis of PTG, from
reconstructed PTG

n=2:719;

plot (n-1, pres(n), 'b', n-1, (repcyl(n)+0.1), 'r', n-1, reccop(n), 'c'),
grid; xlabel ('Crank Angle - degrees'), ylabel('bar'), title('Cylinder
pressure; blue measured, red from harmonic analysis, cyan from measured
speed') ;

% omega = speed at the front of crankshaft

figure (4) % Speed at mass #1, direct calculation

n=1:720;

plot (n-1, 30*omega(n)/pi, 'r'), grid; xlabel ('Crank Angle - degrees'),
ylabel ('"RPM'), title('Speed mass #1');

[

% presnew= Torque including inertia

figure(5) % Engine torque (reverse calculation), engine torque torque
n=1:720;

plot(n-1, mptang(n)*kfr*le5, 'b', n-1, mtorg(n), 'r'), grid; xlabel ('Crank
Angle - degrees'), ylabel('Nm'), title('Engine torque (including inertia
torque) - red, Gas pressure Torque - blue');

% omegan= speed at flywheel

figure(6) % speed at the flywheel (direct calculation), measured flywheel
speed

n=1:720;

plot (n-1, 30*omegan(n)/pi, 'r', n-1, rspeed(n), 'b' ), grid; xlabel ('Crank
Angle - degrees'), ylabel ('"RPM'), title('Speed at flywheel');

% acceln= acceleration at flywheel

figure (7)

n=1:720;

plot (n-1, maccel(n)+10, 'r', n-1, mtorg(n), 'b'), grid; xlabel('Crank Angle -
degrees'), ylabel('Nm'), title('Engine torque -blue; Acceleration at
flywheey multiplied with total mass moment of inertia - red');

% dpt= differential of tangential pressure

% dspeed= product of flywheel mass moment of inertia and differential of itrs
acceleration

figure (8)

n=2:719;

plot( n-1, difacc(n), 'r', n-1, diftrg(n), 'c'), grid; xlabel ('Crank Angle -
degrees'), ylabel ('Nm/CA degree'), title('Differential of product Accel. X
Jtotal - red, differential of engine torque from measured speed - cyan');
figure (9)

n=2:719;

plot(n-1, 180*difpt(n)/pi, 'r'), grid, =xlabel ('Crank Angle - degrees'),
ylabel ('bar'), title('Tangential Gas Pressure');

figure (10)

n=1:720;

plot(n-1, thetan(n), 'r', n-1, ralfa(n), 'b'), grid;
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Ignition delay estimation from crankshaft speed (Matlab code)

o\

Harmonic analysis of measured pressure curves
import pressure data

pres= imported data

Calculation of the tangential gas pressure
$Motoring pressure

for n=1:360

spres (n)=Motoring Mercedes (n);

pres (n)=Pres_1500 motoring(n); % from D\Dynamics

o° oo

o\

$pres (n+361)=Motoring Mercedes (361-n); % from D\recopres
pres (n+361)=Pres 1500 motoring(361-n); % from D\Dynamics
end

spres (361)=Motoring Mercedes (361);

pres (361)=Pres 1500 motoring(361);

%Cycle pressure

for n=1:720
spress (n)=presss_mercedesl (n); % from D\recopres
press (n)=Pres 1500 4Nm(n); % from D\Dynamics
pcomb (n) =press (n) -pres (n) ;

end

KARM=40;

kfr=pi* (8072)*0.041/4;

lambda=41/135;

% Tangential gas pressures

for n=1:720
teta=(n-1)*pi/180;

beta = asin(lambda*sin(teta)) ;

trig(n)=sin (teta+beta) /cos (beta);

pt(n)=(pres(n)-0.1)*trig(n); % Tangential pressure motoring curve

ptcomb (n)=trig(n) *pcomb (n); % tangentiocal pressure combustion curve

prestang(n)= trig(n)*(press(n)-0.1); % tangential pressure cylinder
pressure totque

end

crad=pi/180;
% Harmonic analysis
ah0=0; ahc0=0; ap=0;
for n=1:720
ah0=ahO+pt (n) ;
ahcO=ahcO+ptcomb (n) ;
ap=aptprestang (n) ;
end
pt0=ah0/720;
ptcO0=ahc0/720;
pO0=ap/720;
for k=1:KARM
ah (k)=0; bh(k)=0
ahc (k)=0; bhc (k)
aht (k)=0; bht (k)
for n=1:720
arg=k* (n-1) *crad/2;
ah (k) =ah (k) +pt (n) *cos (arg); % Harmonic coefficients motoring curve
bh (k)=bh (k) +tpt (n) *sin (arqg) ;
ahc (k) =ahc (k) +ptcomb (n) *cos (arg); % harmonic coefficients combustion

=0;
=0;

’

curve
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bhc (k) =bhc (k) tptcomb (n) *sin (arg) ;
aht (k)=aht (k) tprestang (n) *cos (arg) ; $harmonic coefficients engine

torque
bht (k) =bht (k) tprestang (n) *sin (arqg) ;
end
ahp (k)=ah (k) /360; % Harmonic coefficients motoring curve
bhp (k) =bh (k) /360;
chp (k) =sqgrt (ahp (k) “"2+bhp (k) *2) ;
ahpc (k) =ahc (k) /360; % harmonic coefficients combustion curve
bhpc (k) =bhc (k) /360;
chpc (k) =sqgrt (ahpc (k) *"2+bhpc (k) *2) ;

asum (k) =ahp (k) +ahpc (k) ; % harmonic coefficients engine torque
motoring+combustion
bsum (k) =bhp (k) +bhpc (k) ;
att (k)=aht (k) /360; % harmonic coefficients engine torque from harmonic
analysis
btt (k) =bht (k) /360;
fprintf('k %3.1f Ak= %8.5e Bk= %8.5e\n', k, ahp(k), bhp(k));
end
% curve reconstruction
for n=1:720
arg=(n-1) *crad;
ptg=0; ptgc=0;
for k=1:KARM
ptg=ptg+ahp (k) *cos (k*arg/2) +bhp (k) *sin (k*arg/2); % tangential
pressure from measured motoring data
ptgc=ptgc+ahpc (k) *cos (k*arg/2) +bhpc (k) *sin (k*arg/2); %tangential
motoring pressure from harmonic analysis

end

ptang (n)=ptg+pt0; % PTG from motoring pressure trace (harmonic analysis)

ptangc (n) =ptgc+ptcO; % PTG from combustion pressure trace (harmonic
analysis)

end

for n=1:720
arg=(n-1) *crad;
save=0; saves=0;
for k=1:KARM
save=save+att (k) *cos (k*arg/2) +btt (k) *sin(k*arg/2); % Tangantial
pressure form harmonic anlysi of measured data
saves=saves+asum (k) *cos (k*arg/2) +bsum (k) *sin (k*arg/2); % tangential
pressure from sumation of harmonic coefficients motoring +combustion
end
prest (n)=save+p0;
pressum (n)=saves+ptO0+ptcO;
end

for k=1:KARM;
% x(k)=-5.0*exp(-0.17*Kk) ;
x(k)=-3.5%exp (-0.17*k) ;
if k/2 > fix(k/2)
y (k) =x (k) ;
else y(k)=abs(x(k));
end
end
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for n=1:720
arg=(n-1) *crad;
save=0; save0=0; savel=0;
for k=1:KARM
save=save+att (k) *cos (k*arg/2)+ (btt (k) -y (k)) *sin(k*arg/2) ;
saveO=saveO+y (k) *sin (k*arg/2) ;
savel=savel+bhp (k) *sin (k*arg/2) ;
end
prestc (n)=save+pt0+ptcO; % presumed PTG of the combustion trace
presmot (n)=saveO+pt0+ptcO;
presmotl (n)=savel+ptO+ptcO;
end

corr=presmot (361); corrl=ptangc(361l); corr2=prestc(361l); corr3=presmotl (361);
for n=1:720;
presmot (n) =presmot (n) -corr;
ptangc (n)=ptangc (n)-corrl;
prestc (n)=prestc(n)-corr2;
presmotl (n)=presmotl (n) -corr3;
end
for n=2:719
if abs(trig(n))<2e-3

prescyl (n)=(pt (n+l)-pt(n-1))/(trig(n+l)-trig(n-1)); $%$Reconstructed
cylinder pressure from measument data

recop (n)=(ptang (n+1) -ptang (n-1))/ (trig(n+l)-trig(n-1)); %reconstructed
cylinder pressure from harmonic components

pcombl (n) = (ptcomb (n+1) -ptcomb (n-1)) / (trig(n+l)-trig(n-1)); %Reconstructed

combustion pressure from measurment data
repcomb (n) = (ptangc (n+l) -ptangc(n-1))/ (trig(n+l)-trig(n-1));
%Reconstructed combustion pressure from harmonic components
represt (n)=(prestc(n+l) -prestc(n-1))/ (trig(n+l)-trig(n-1)); %
reconstruction of the presumed combustion pressure trace
repremot (n) = (presmot (n+1) -presmot (n-1) )/ (trig(n+l)-trig(n-1));
$reconstruction of the motoring pressure from model harmonic components
repremotl (n) = (presmotl (n+l) -presmotl (n-1))/ (trig(n+l)-trig(n-1));
%$reconstruction of the motoring pressure from harmonic components
else prescyl (n)=pt(n)/trig(n); recop(n)=ptang(n)/trig(n);
pcombl (n)=ptcomb (n) /trig(n); repcomb (n)=ptangc(n)/trig(n);
represt (n)=prestc(n)/trig(n); repremot (n)=presmot (n)/trig(n);
repremotl (n) =presmotl (n) /trig(n) ;
end
end

figure (1)

n=1:720;

plot(n, ptang(n), 'r', n, pt(n), 'b', n, ptcomb(n), 'c', n, ptangc(n), 'm'),
grid;

figure (2)

n=1:720;

plot(n, kfr*pt(n), 'r'), grid;

figure (3)

k=1:KARM;

plot(k, att(k), 'r', k, btt(k), 'b' , k, ahpc(k), 'black', k, bhpc(k),
'c'),grid;

figure (4)

n=2:719;
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plot(n, pres(n), 'r', n, prescyl(n)+0.1, 'b'), grid;

figure (5)

n=2:719;

plot(n, prescyl(n)+0.1, 'r', n, recop(n)+0.1, 'b'), grid

figure (6)

n=1:720;

plot(n, pres(n), 'r', n, press(n), 'b', n, pcomb(n), 'c'), grid;
figure (7)

n=2:719;

plot(n, pcomb (n)+prescyl(n), 'r', n, press(n), 'b'), grid;

figure (8)

n=300:400;

plot(n, pcomb(n), 'r', n, pcombl(n), 'b', n, repcomb(n), 'c', n, represt(n),
'black'), grid;

figure (9)

n=2:719;

plot(n, prest(n), 'r', n, pressum(n), 'c', n, prestang(n), 'b'), grid;
figure (10)

n=2:719;

plot(n, pres(n), 'r', n, repremotl(n), 'c', n, repremot (n), 'b'), grid;
figure (11)

k=1:KARM;

plot( k, abs(bhp(k)), 'b', k, bhp(k), 'r' , k, vy(k), 'black'), grid;
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Fuel identification on a single-cylinder engine using Artificial Neural

Networks (Matlab code)

%$Sample interval (CAD):

w=340;
v=380;

iptsetpref ('ImshowBorder', 'tight');
set (0, 'DefaultFigureMenu', 'none');
format compact;

s=size(Test (:,1));
no_of_testing_cycles=s(l)/720;
no of testing points=s(1l);
pr=(Test(:,1))"';

sp=(Test (:,2))"';

for i=1:no of testing cycles
e(2*1-1,:)=pr ((1i*720-719) : (i*720));
e(2*%1,:)=sp ((1*720-719) : (i*720));

end

Testl=e';

for j=l:no of testing cycles
%9=51;

%Test Pressure

i=(w+l) :v;
testpress=Testl (i, 2*3j-1);
s=size (testpress);
samplesize=s (1) ;

$Testspeed

i=(w+l) :v;
testspeedl=Testl (i,2*7);
testspeed=Testl (i, 2*7);
s=size (testspeed);
samplesize=s (1) ;

$Test Speed
Sfigure (7)
%$i=1l:samplesize;
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%plot (i+w, testspeed (i), 'b', 'linewidth',2), grid, =xlabel ('Crank Angle -
Degrees'), ylabel('bar'),
%title ('Test data: engine speed');

% Network TESTING for a new input (speed):

= testpress';
testspeed’';
b,bs] = mapminmax (B);
c,cs] = mapminmax (C) ;

B
C
[
[

a = sim(net,c);
pressure = mapminmax ('reverse',a,bs);

s=size (pressure) ;
samplesize=s (2);

for i=1: (samplesize-1) pressure(i)=(pressure (i)+pressure (i+l))/2;
end;

%$Derivative of measured pressure vs derivative of simulated pressure:
Sfigure (J)
pause (0.06) ;

i=l:samplesize;
testnumber (J)=7;
maxpressure (j)=max (pressure) ;
maxpressuremeasured (j)=max (B) ;

$Maximize the window and the graphs inside to full-screen
%$set (gcf, 'units', 'normalized', 'position', [0 O 1 1]);
%$set (gca, 'units', 'normalized', 'position', [0 O 1 171);

$Maximize the window as desired

set (gcf, 'units', 'normalized', 'position', [0.003 0.14 0.962 0.823]);
set (gcf, 'DefaultAxesFontSize',12);

%set (gcf, 'DefaultAxesFontWeight', 'bold"');

%set (gcf, 'DefaultTextFontSize', 8);

$subplot (2,3, [1 41])

subplot ('position', [.06 .1 .25 .82]);

plot (i+w, testspeedl (i), 'b', 'linewidth',3), grid,

xlabel ('Crank Angle - Degrees'), ylabel('rpm'),

xlim([w v]), ylim([1340 1400]),

text (w+.46* (v-w),1342.5, "INPUT ', 'color', [0.6392 0.6392
0.6392], 'FontSize',40),

title ('Measured engine speed', 'FontSize',16, 'FontWeight', 'bold'");

$subplot (2,3,2)
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subplot ('position', [.38 .4 .25 .52])

$%%%%%%%plot (i+w, pressure(i),'b', i+w, B(i),'r',i+w, i+w+30-

(i4+w), 'color', [0.4353 0.4353 1],1i+w, 1+w+80-(i+w), 'color', [0 O 0.592271, i+w,
i+w+200- (i+w), 'color',[1 0.5098 0.5098],1i+w, 1+w+325-(i+w), 'color',[0.702 O
0], 'linewidth',3), grid,

$%%%%%%%plot (i+w, pressure (i), 'b', i+w,B(i),'r', %it+w,i+w+30-

(i+w), 'b', 'linewidth', 3), grid,

$%%%$%%%SUISETCOLOR

plot (i+w, pressure(i),'b',i+w, i+w+44-(i+w),'b',i+w, i+w+49-(i+w),'b', i+w,
i+w+54-(i+w), 'b', 'linewidth"', 3)

grid, xlabel('Crank Angle - Degrees'), ylabel('bar'),

([w v]), ylim([25 62]),

(w+.02*(v-w),41.6,'S8"', 'coloxr', [0 .7 0], 'FontSize',30),

text (w+.02* (v-w) ,46.6, 'JpP8"', 'color', [0.7804 0.5412 0.0471]1, 'FontSize',b30),
(w+.02* (v-w),51.7,'ULSD', 'color', [0.9490 0 0.9490], 'FontSize',30),
(w+.02* (v-w) ,56.6, 'B100', 'color', [0.6157 0O 0], 'FontSize', 30),

text (w+.263* (v-w),27.4, 'OUTPUT', 'color', [0.6392 0.6392

0.6392], 'FontSize',40),

title ('Simulated pressure', 'FontSize',16, 'FontWeight', 'bold'");

$subplot (2,3, 3)
subplot ('position', [.71 .4 .25 .52])

plot (i+w, B(i),'r', i+w, i+w+45-(i+w),'r', i+w, i+w+53-(i+w),'r', i+w,

i4+w+58-(i+w), 'r', 'linewidth', 3),

grid, xlabel('Crank Angle - Degrees'), ylabel('bar'),

im([w v]), ylim([25 62]),

(w+.02*(v-w),42.5,'S8"', 'coloxr', [0 .7 0], 'FontSize',30),

text (w+.02* (v-w),47.5,'JP8', 'color', [0.7804 0.5412 0.0471]1, 'FontSize',30),
(w+.02* (v-w),55.4, 'ULSD', 'color', [0.9490 0 0.9490], 'FontSize',30),
(w+.02* (v-w), 60, 'B100"', 'color', [0.6157 O 0], 'FontSize',30),

text (w+.263* (v-w),27.4, '"TARGET', 'color"', [0.6392 0.6392

0.6392]1, 'FontSize',40),

title ('Measured pressure', 'FontSize',16,'FontWeight', 'bold'");

if maxpressure (j) <44

$subplot (2,3,5)

subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O0 11),
text (.12, .7, '"Fuel used is', 'color','k', 'FontSize', 32),
text (.42, .28,'S8','coloxr', [0 .7 0], 'FontSize',35);

if maxpressuremeasured (J) <45
$subplot (2,3,6)
subplot ('position', [.71 .1 .25 .2])
plot (i+w, pressure(i),'b'), x1lim([0 1]), ylim([O0 17),
text (.33,.5, 'True', 'color', 'k', "FontSize',40) ;

else
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$subplot (2,3,6)
.1 .25 .21)

subplot ('position', [.71
plot (i+w, pressure(i),'b'), xlim([0 11]),
text (.33,.5, 'False', 'color', 'r', 'FontSize', 40) ;

ylim ([0 11),

error=error+1;

end;

elseif maxpressure (j)>=44 & maxpressure (j)<49

$subplot (2,3,5)
.1 .25 .21)

subplot ('position', [.38

plot (i+w, pressure(i),'b'), xlim([0 11]),

text (.12, .7, '"Fuel used is', 'color', 'k','FontSize',32),
0.0471]1, 'FontSize',35);

text (.38,.28,'JpP8', 'color', [0.7804 0.5412

ylim ([0 1]),

if maxpressuremeasured(j)>=45 & maxpressuremeasured(j)<53

%subplot (2,3, 6)
subplot ('position', [.71 .1 .25 .27])

plot (i+w, pressure(i),'b'), xlim([0 1]),
text (.29,.5, 'True', 'color', 'k', "FontSize', 50) ;

ylim ([0 17),

else

$subplot (2,3,6)
.1 .25 .2])

subplot ('position', [.71
plot (i+w, pressure(i),'b'), xlim([O0 17]),
text (.29, .5, 'False', 'color', 'r', 'FontSize',50);

ylim ([0 11),

error=error+1;

end;

elseif maxpressure(j)>=49 & maxpressure (j)<54

$subplot (2,3,5)
subplot ('position', [.38 .1 .25 .2])
plot (i+w, pressure(i),'b'), xlim([O0 11),
text (.12, .7, '"Fuel used is', 'color', 'k', 'FontSize', 32),
0.9490], 'FontSize', 35);

text (.31, .28, 'ULSD', 'color', [0.9490 0

ylim ([0 11),

if maxpressuremeasured(j)>=53 & maxpressuremeasured(j)<58

$subplot (2,3,6)
subplot ('position', [.71 .1 .25 .2])

plot (i+w, pressure(i),'b'), xlim([0 11]),
text(.24,.5, 'True', 'color', 'k', "FontSize', 60) ;

ylim ([0 11),

else
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$subplot (2, 3,6)

subplot ('position', [.71 .1 .25 .21])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O0 11),
text (.24, .5,'False', 'color','r', 'FontSize', 60);

error=error+1;
end;
else

$subplot (2,3,5)

subplot ('position', [.38 .1 .25 .21])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O0 11),

text (.12, .7, '"Fuel used is', 'color', 'k','FontSize',32),

text (.03, .28, 'Biodiesel B100', 'color', [0.6157 0 0], 'FontSize',32);

if maxpressuremeasured(]j)>=58

%subplot (2, 3, 6)

subplot ('position', [.71 .1 .25 .27])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O0 11),
text (.19,.5, 'True', 'color', 'k', "FontSize',70) ;

else

$subplot (2,3,6)

subplot ('position', [.71 .1 .25 .27])

plot (i+w, pressure(i),'b'), xlim ([0 1]), ylim([O0 11),
text (.19, .5, 'False', 'color', 'r', 'FontSize',70);

error=error+1;

end;
end;
%pause (.05) ;
%close () ;
end;

waccl = 100* (1-(error/no_of testing cycles));
Sfprintf ('$3.0f percent accuracy in fuel identification for the first 200
cycles\n',waccl);

disp('---m——---"-

="

%Accuracy test for 100 random cycles

k=100;

error=0;
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for j=1:k
%j=1;

gl={1}
g = gl (randperm(length(gl)))
1 = qg{1}(1);

%Test Pressure

i=(w+l) :v;
testpress=Testl (i, 2*1-1);
s=size (testpress);
samplesize=s (1) ;

%Testspeed

i=(w+l) :v;
testspeed2=Testl (i,2*1);
testspeed=Testl (i,2*1);
s=size (testspeed);
samplesize=s (1) ;

%Test Speed

Sfigure (7)

%$i=1l:samplesize;

$plot (i+w, testspeed (i), 'b', 'linewidth',2), grid, xlabel('Crank Angle -
Degrees'), ylabel('bar'),

%$title ('Test data: engine speed');

% Network TESTING for a new input (speed):

B = testpress';
C = testspeed';
[
[

b,bs] = mapminmax (B) ;

c,cs] = mapminmax (C) ;

a = sim(net,c);
pressure = mapminmax ('reverse',a,bs);

s=size (pressure) ;
samplesize=s (2);

for i=1: (samplesize-1) pressure (i)=(pressure (i)+pressure (i+l))/2;
end;

%Derivative of measured pressure vs. derivative of simulated pressure
Sfigure (§7+200)

pause (0.06) ;
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i=l:samplesize;
testnumber (j)=7;
maxpressurel (j)=max (pressure) ;
maxpressuremeasuredl (j)=max (B) ;

%Maximize the window and the graphs inside to full-screen
%set (gcf, 'units', 'normalized', 'position', [0 O 1 17]);
%$set (gca, 'units', 'normalized', 'position', [0 O 1 1]);

$Maximize the window as desired

set (gcf, '"units', 'normalized', "position', [0.003 0.14 0.962 0.823]);
set (gcf, 'DefaultAxesFontSize',12);

%set (gcf, 'DefaultAxesFontWeight', 'bold"');

%set (gcf, 'DefaultTextFontSize', 8);

$subplot (2,3, [1 41)

subplot ('position', [.06 .1 .25 .82]);

plot (i+w, testspeed2(i),'b', 'linewidth',3), grid,

xlabel ('Crank Angle - Degrees'), ylabel('rpm'),

xlim([w v]), ylim([1340 1400]),

text (w+.46* (v-w),1342.5, "INPUT ', 'color', [0.6392 0.6392
0.6392], 'FontSize', 40),

title ('Measured engine speed', 'FontSize', 16, 'FontWeight', 'bold'");

%subplot (2, 3, 2)
subplot ('position', [.38 .4 .25 .52])

$%%%%%%%plot (i+w, pressure(i),'b', i+w, B(i),'r',i+w, i+w+30-

(i4+w), 'color', [0.4353 0.4353 1],1i+w, 1+w+80-(i+w), 'color', [0 O 0.59227, i+w,
i+w+200- (i+w), 'color', [1 0.5098 0.5098],i+w, i+w+325-(i+w),'color',[0.702 O
0], 'linewidth',3), grid,

$%%%%%%%plot (i+w, pressure (i), 'b', i+w,B(i),'r', %it+w,i+w+30-

(i+w), 'b', 'linewidth',3), grid,

$%%%%%%SUISETCOLOR

plot (i+w, pressure(i),'b',i+w, i+w+44-(i+w),'b',i+w, i+w+49-(i+w),'b', i+w,
i+w+54-(i+w), 'b', 'linewidth"', 3)

grid, xlabel ('Crank Angle - Degrees'), ylabel('bar'),

xlim([w v]), ylim([25 62]),

text (w+.02* (v-w) ,41.6, 'S8', 'color', [0 .7 0], 'FontSize',30),

text (w+.02* (v-w) ,46.6, 'JP8', 'color', [0.7804 0.5412
0.04711, 'FontSize',30),
text (w+.02* (v-w),51.7, 'ULSD', "color', [0.9490 0

0.9490]1, 'FontSize', 30),

text (w+.02* (v-w),56.6, 'B100', 'color', [0.6157 O 0], 'FontSize',30),
text (w+.263* (v-w),27.4, 'OUTPUT', 'color', [0.6392 0.6392
0.6392], 'FontSize',40),

title ('Simulated pressure', 'FontSize',16, 'FontWeight', 'bold');

$subplot (2,3, 3)
subplot ('position', [.71 .4 .25 .52])



- 248 -

plot (i+w, B(i),'r', i+w, i+w+45-(i+w),'r', i+w, i+w+53-(i+w),'r', i+w,
i+w+58-(i+w), 'r', 'linewidth', 3),
grid, xlabel('Crank Angle - Degrees'), ylabel('bar'),

x1lim([w v]), ylim([25 62]),
text (w+.02* (v-w),42.5,'S8"','color', [0 .7 0], 'FontSize',30),

text (w+.02* (v-w),47.5,'JP8', "color', [0.7804 0.5412
0.04711, 'FontSize',30),
text (w+.02* (v-w),55.4, 'ULSD', '"color', [0.9490 0

0.9490], '"FontSize', 30),
text (w+.02* (v-w), 60, '"B100', 'color', [0.6157 0 0], 'FontSize', 30),

text (w+.263* (v-w),27.4, '"TARGET', 'color', [0.6392 0.6392

0.6392], 'FontSize', 40),
title ('Measured pressure', 'FontSize',16, 'FontWeight', 'bold");

if maxpressurel (j) <44

$subplot (2,3,5)

subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), xlim ([0 1]), ylim([O0 11),
text (.12, .7, '"Fuel used is', 'color', 'k', 'FontSize', 32),
text (.42, .28,'S8','color', [0 .7 0], 'FontSize',35);

if maxpressuremeasuredl (j) <45

%subplot (2, 3, 6)

subplot ('position', [.71 .1 .25 .2])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O0 11),
text (.33,.5,'True', 'color', 'k', '"FontSize', 40);

else

$subplot (2,3,6)

subplot ('position', [.71 .1 .25 .27)

plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 11),
text (.33,.5,'False', 'color', 'r', 'FontSize', 40);

error=error+1;

end;

elseif maxpressurel (j)>=44 & maxpressurel (j)<49

$subplot (2,3,5)

subplot ('position', [.38 .1 .25 .21])

plot (i+w, pressure(i),'b'), x1lim([0 1]), ylim([O0 11),

text (.12, .7, "Fuel used is', 'color','k','FontSize',32),

text (.38,.28,'JpP8', 'color', [0.7804 0.5412 0.0471]1, 'FontSize', 35);

if maxpressuremeasuredl (j)>=45 & maxpressuremeasuredl (J) <53

$subplot(2,3,6)
subplot ('position', [.71 .1 .25 .2])
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plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O 11]),
text (.29, .5, 'True', 'color', 'k', '"FontSize',50);

else

$subplot (2,3,6)
subplot ('position', [.71 .1 .25 .21])
plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 1]),
text (.29,.5, 'False', 'color', 'r', 'FontSize',50);

error=error+1;

end;

elseif maxpressurel (j)>=49 & maxpressurel (j)<54

$subplot (2,3,5)
subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), x1im ([0 1]), ylim([O 11),

text (.12, .7, '"Fuel used is', 'color', 'k','FontSize',32),

text (.31, .28, 'ULSD', 'color', [0.9490 0 0.94907], 'FontSize', 35);

if maxpressuremeasuredl (j)>=53 & maxpressuremeasuredl (j)<58

%subplot (2,3, 6)
subplot ('position', [.71 .1 .25 .2])
plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O 11]),

text (.24,.5, 'True', 'color', 'k', "FontSize', 60) ;
else

$subplot (2,3,6)
subplot ('position', [.71 .1 .25 .27)
plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 11]),

text (.24, .5,'False', 'color','r', 'FontSize', 60);

error=error+1;

end;

else

$subplot (2,3,5)
subplot ('position', [.38 .1 .25 .21])

plot (i+w, pressure(i),'b'), x1lim([0 1]), ylim([O0 11),

text (.12, .7, 'Fuel used is', 'color', 'k','FontSize',32),

text (.03,.28, 'Biodiesel B100', 'color', [0.6157 0 0], 'FontSize',32);

if maxpressuremeasuredl (j)>=58

$subplot(2,3,6)

subplot ('position', [.71 .1 .25 .2])
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plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O 11]),
text (.19,.5, 'True', 'color', 'k', '"FontSize',70);

else

$subplot (2,3,6)

subplot ('position', [.71 .1 .25 .21])

plot (i+w, pressure(i),'b'), x1lim ([0 1]), ylim([O0 11),
text (.19,.5, 'False', 'color', 'r', 'FontSize', 70) ;

error=error+1;

end;
end;
end;

[

% Overall accuracy

wacc2 = 100* (1- (error/k));

Fdisp ('———==—— "
Sfprintf ('$3.0f percent accuracy in fuel identification for all
cycles\n', (waccl+wacc2)/2);

if (waccl+wacc?)/2>99.999999

figure (7+201)

set (gcf, 'units', 'normalized', 'position', [0.003 0.005 0.963 0.095]1);
t=uicontrol ('style', "text', 'string', 'Fuel type identification = 100%'");
set(t, 'units', 'normalized', 'position', [0 0 1 17);

set (t, '"FontSize', 46);

col=get (t, 'foregroundcolor"') ;

for n=1:30

set (t, 'foregroundcolor',1l-col, "backgroundcolor',col);
col=1l-col;

pause (.1);

end;

end;

$figure (3J+202)
%1i=1l:no of testing cycles;

Q

%plot (i, maxpressuremeasured(i),'b'), grid, xlabel('Test cycles'),
%ylabel ('bar'), title ('Measured pressure: peak values');
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%hold on; plot(i, i+45-i,'k',i, 1+53-1i,'k',i, 1i+58-1i,'k', '"linewidth',3);

$figure (7+203)

%i=1l:no_of testing cycles;

%plot (i, maxpressure (i), 'b'), grid, xlabel('Test cycles'), ylabel('bar'),
$title ('Simulated pressure: peak values');

%hold on; plot(i, i+44-i,'k',i, 1+49-1i,'k',i, i+54.1-i,'k','linewidth',3);
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Fuel identification on a multiple-cylinder engine using

Artificial Neural Networks (Matlab code)

%$Sample interval (CAD):

w=340;
v=380;

%Removes the gray border from the figures
iptsetpref ('ImshowBorder', 'tight');

%Removes menu and toolbar from all new figures
set (0, 'DefaultFigureMenu', 'none');

%Makes disp() calls show things without empty lines
format compact;

% Accuracy new fuel test data: 150 cycles

o

Converting 1 column to 720 CAD interval columns

s=size(Test (:,1));
no_of_testing_cycles=s(l)/720;
no of testing points=s(1);
pr=(Test(:,1))";

sp=(Test (:,2))";

for i=1:no of testing cycles
e(2*i-1, :)=pr ((i*720-719) : (1*720)) ;
e(2*%1,:)=sp((1*720-719) : (i*720));
end
Testl=e"';
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gl={1};
= gl (randperm(length(gl)));
1 = qg{l}(1);

Q
|

%$Test Pressure

i=(w+l) :v;
testpress=Testl (i, 2*1-1);
s=size (testpress);
samplesize=s (1) ;

$Testspeed

i=(w+l) :v;
testspeed2=Testl (i,2*1);
testspeed=Testl (i, 2*1);
s=size (testspeed);
samplesize=s (1) ;

%Test Speed

Sfigure (7)

$i=1l:samplesize;

$plot (i+w, testspeed (i), 'b', 'linewidth',2), grid, xlabel('Crank Angle -
Degrees'), ylabel('bar'),

%$title ('Test data: engine speed');

% Network TESTING for a new input (speed):

= testpress';
testspeed’';
] = mapminmax (B) ;
] = mapminmax (C) ;

b,b

B
C
[
[c,c

S
S
a = sim(net,c);

pressure = mapminmax ('reverse',a,bs);

s=size (pressure) ;
samplesize=s (2);

for i=1: (samplesize-1) pressure (i)=(pressure (i)+pressure (i+l))/2;
end;

%$Rate of measured pressure rise vs. simulated rate of pressure rise:
$figure (§j+150)

pause (0.04) ;

i=l:samplesize;

testnumber (j)=7;
maxpressurel (j)=max (pressure) ;
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maxpressuremeasuredl (J)=max (B) ;

%Maximize the window and the graphs inside to full-screen
%set (gcf, 'units', 'normalized', 'position', [0 O 1 17]);
%$set (gca, 'units', 'normalized', 'position', [0 O 1 1]);

$Maximize the window as desired
set (gcf, '"units', 'normalized', '"position', [0.003 0.14 0.962 0.823]);
set (gcf, 'DefaultAxesFontSize',12);

$subplot (2,3, [1 41])

subplot ('position', [.06 .1 .25 .82]);

plot (i+w, testspeed2(i),'b', 'linewidth',3), grid,

xlabel ('Crank Angle - Degrees'), ylabel('rpm'),

xlim([w v]), ylim([1260 1320]),

text (w+.005* (v-w),1262.5, "INPUT ', 'color', [0.6392 0.6392
0.6392], 'FontSize', 35),

title ('Measured engine speed', 'FontSize', 16, 'FontWeight', 'bold’");

$subplot (2,3, [2 51)
subplot ('position', [.38 .4 .25 .52])

o
o
o
o
oo
o\
o

$%%%plot (i+w, pressure(i),'b', i+w, B(i),'r',i+w, i+w+30-

i+w), 'color', [0.4353 0.4353 1],1i+w, i+w+80-(i+w), 'color', [0 O 0.59227],1i+w,
-(i4+w), 'color',[1 0.5098 0.5098],i+w, 1i+w+325-(i+w), 'color',[0.702 O
, 'linewidth',3), grid,

o P~
o +
=
+
Y
(@]

O

$%%%%%%%plot (i+w, pressure(i), 'b', i+w,B(1),'r', %i+w,i+w+30-
(i+w), 'b', 'linewidth', 3), grid,
$%%%%%%SUISETCOLOR

plot (i+w, pressure(i),'b',i+w, i+w+30-(i+w),'b',i+tw, i+w+80-

(i+w), 'b', 'linewidth',3), grid,

xlabel ('Crank Angle - Degrees'), ylabel('bar/rad')

xlim([w v]), ylim([-100 1507]),

text (w+.82* (v-w),13,'S8"', 'color', [0 .7 0], 'FontSize',30),

text (w+.66* (v-w), 62, 'B100', 'color', [0.6157 O 0], 'FontSize',b30),

text (w+.643* (v-w), 120, 'ULSD', 'color', [0.9490 0 0.9490], 'FontSize', 30),
text (w+.01* (v-w), -84, 'OUTPUT', 'color', [0.6392 0.6392

0.6392], 'FontSize',35),

title ('Simulated rate of pressure rise','FontSize',16, 'FontWeight', 'bold"');

subplot ('position', [.71 .4 .25 .52])

plot (i+w, B(i),'r', i+w, 1+w+200-(i+w),'r', i+w, i+w+325-

(i+w), 'r', '"linewidth', 3),

grid, xlabel ('Crank Angle - Degrees'), ylabel('bar/rad')

xllm([w vl]), ylim([—lSO 4001)

text (w+.02* (v-w),150,'S8"', 'color', [0 .7 0], 'FontSize', 30),

text(w OZ*(V w),250,'B100"', 'color', [0.6157 O 0], 'FontSize',30),

text (w+.02* (v-w), 360, 'ULSD"', '"color', [0.9490 0 0.9490], 'FontSize"',30),
text(w .01*(v-w),-115, '"TARGET', 'color', [0.6392 0.6392

0.6392], 'FontSize',35),

title ('Rate of measured pressure rise', 'FontSize',16, 'FontWeight', 'bold");
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if maxpressurel (j) <30

$subplot (2,3, 3)
subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), xlim([0 1]),
text (.12, .7, '"Fuel used is', 'color','k', 'FontSize', 32),

text (.42, .28,'S8','coloxr', [0 .7 0], 'FontSize',35);

ylim ([0 17),

if maxpressuremeasuredl (j) <200

$subplot (2,3,6)
subplot ('position', [.71 .1 .25 .21])

plot (i+w, pressure(i),'b'), xlim([0 11]),
text (.33,.5,'True', 'color', 'k', '"FontSize', 40) ;

ylim ([0 17]),

else

%subplot (2, 3, 6)
.1 .25 .2])

subplot ('position', [.71
plot (i+w, pressure(i),'b'), xlim([0 1]),
text (.33,.5, 'False', 'color', 'r', 'FontSize', 40);

ylim ([0 17),

error=error+1;

end;

elseif maxpressurel (j)>=30 & maxpressurel (j)<80

$subplot (2,3, 3)
subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 11),

text (.12, .7, 'Fuel used is', 'color','k', 'FontSize',32),

text (.03, .28, 'Biodiesel B100', 'color', [0.6157 0 0], 'FontSize',32);

if maxpressuremeasuredl (j)>=200 & maxpressuremeasuredl (j)<325

$subplot (2,3,6)
.1 .25 .21)

subplot ('position', [.71
plot (i+w, pressure(i),'b'), xlim([0 17),
text(.24,.5,'True', 'color', 'k', '"FontSize', 60);

ylim ([0 11),

else

$subplot (2,3,6)

subplot ('position'
plot (i+tw, pressure
text (.24, .5, 'False

, .71 .1 .25 .27)
(1), '0"), x1im ([0 1]), ylim([O0 11),
', 'color','r','FontSize', 60);

error=error+1;
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end;
else

$subplot (2,3, 3)

subplot ('position', [.38 .1 .25 .2])

plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 1]),

text (.12, .7, '"Fuel used is', 'color','k','FontSize',32),

text (.31, .28, 'ULSD', 'color', [0.9490 0 0.9490]1, 'FontSize',35);

if maxpressuremeasuredl (j)>=325

$subplot (2,3,6)

subplot ('position', [.71 .1 .25 .21])

plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O0 17),
text (.19,.5, 'True', 'color', 'k', "FontSize',70) ;

else

%subplot (2, 3, 6)
subplot ('position', [.71 .1 .25 .27])
plot (i+w, pressure(i),'b'), xlim([0 1]), ylim([O 1]),
text (.19,.5, 'False', 'color', 'r', 'FontSize', 70);
error=error+1;

end;

end;
end;

o)

% Overall accuracy

wacc2 = 100* (1-(error/k));

Sdisp('=====———— "
fprintf ('$3.0f percent accuracy in fuel identification for all
cycles\n', (waccl+wacc2)/2);

if (waccl+wacc2)/2>99.999999

figure (j+151)

set(gcf, 'units', 'normalized', 'position', [0.003 0.005 0.963 0.095]);
t=uicontrol ('style', "text', 'string', 'Fuel type identification = 100%');
set(t, 'units', 'normalized', 'position', [0 0 1 11);

set (t, 'FontSize',46);
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col=get (t, 'foregroundcolor"') ;

for n=1:30

set (t, 'foregroundcolor',1l-col, "backgroundcolor',col);
col=1l-col;

pause (.1);

end;

end;

Sfigure (§+152)

%i=1l:no_of testing cycles;

$plot (i, maxpressure (i), 'b'), grid, xlabel ('Test cycles'), ylabel('bar/rad'),
$title ('Simulated rate of pressure rise: peak values');

%$hold on; plot(i, i+30-i,'k',i, i+80-i,'k','linewidth',3);

Sfigure (j+153)

%i=1l:no_of testing cycles;

%plot (i, maxpressuremeasured(i), 'b'), grid, xlabel ('Test cycles'),

$ylabel ('bar/rad'), title ('Rate of measured pressure rise: peak values');
%$hold on; plot(i, i+200-i,'k',i, i+325-1i,'k','linewidth', 3);
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Modern engines require enhancement of electronic controls to
achieve better fuel economy, high power density and satisfactory emissions
levels while operating safely. Commercial and military vehicles should run
safely and efficiently on any fuel available on the market or on the
battlefield, therefore on-board fuel identification and adaptation of engine
controls to the type of fuel becomes extremely important. The use of an
inexpensive, nonintrusive sensor is highly desirable. The development of a
technigue based on the measurement of the instantaneous crankshaft
speed and engine dynamics could be a convenient solution. Several such
methods have been elaborated at the Center for Automotive Research in
the Mechanical Engineering Department at Wayne State University, each

of them yielding plausible results regarding on-board fuel identification.
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