
T 5670 SIN      METHOD FOR PREDICTION OF CETANE NUMBERS OF GASOILS      The
present invention relates to a method for prediction of cetane number of a
gasoil by correlation of its (near) infra-red ((N).I.R.) spectrum to the
cetane number. As known to those skilled in the art, organic compounds have
in the infra-red region (about 1 to about 300 [err]m) a unique spectral
fingerprint.     Recent market trends for bulk fuels put more onus on the
quality and performance characteristics of the product. Whole marketing
campaigns are being fought to convince the customer that one fuel
noticeably performs better than any other, and this philosophy is expected
to continue. Such an approach needs to be backed up by full quality
assurance, from refining through blending and finally to delivery to the
customer. This requirement can be best met by using quality monitoring
instruments to measure performance characteristics of the fuel.     At the
moment, after leaving the refinery there are generally no continuous,
quantitative checks made on the fuel to see if it still is within
specification: it is only manually checked for clarity, smell and has its
density noted. This, taking into account the highly complex nature of the
modern advanced fuels is not enough. A quality monitoring instrument
package which actually measures performance specification of fuels would be
advantageous, so degradation to the fuel, cross contamination with other
fuels, and changes in the fuels composition could be detected and
pinpointed in the distribution chain. This will not only ensure the
customer receives the fuel exactly as intended, but problems along the
distribution chain may be found and addressed.     



-2-      An important performance measure of a fuel such as gasoil is
cetane number which is a quantity reflecting the ignition properties of
diesel oil. Engines do exist for cetane number measurement.     Reference
fuels are used in the same way as for the octane number determination for
motor gasoline. These reference fuels are n-cetane and [err]-methyl
naphthalene. The ignition quality is expressed as the cetane number, which
is the percentage by volume of cetane in a blend with a-methyl naphthalene
whose ignition performance matches that of the fuel in the test engine. In
practice, cetane engines are seldom used, and cetane is normally calculated
as "cetane index" from other measurements e.g. density and distillation.
The cetane index, however, may not be suitable for diesel fuels of the
future, and an alternative measurement of cetane number is required.
Further, it has already been proposed to determine the cetane number of
gasoil as a function of near-infra- red (N.I.R) spectra. (Vide e.g.
EP-A-0,304,232.)     However, until now it was not possible to predict the
cetane number of a gasoil from its I.R. spectrum (including near-infra-red
and mid-infra-red) (advantageously, 0.78-30 [err]m wavelength is applied).
It is therefore an object of the invention to provide a method for
prediction of cetane number of unknown gasoils, wherein the cetane number
of blended product and of process streams with a wide range of cetane
numbers is predicted.     The invention therefore provides a method for
prediction of cetane numbers of gasoils, comprising the steps of: a)
measuring the I.R. spectra of a large set of gasoils,     from a wide
variety of sources; b) selecting in the spectral region a range of wave
numbers and converting a number of the wavelengths in         



-3-      question to absorption data and using said absorption     data as
an input to multivariate statistical analysis     or a neural network; c)
analyzing the spectral data using multivariate     statistical techniques
or neural networks; d) determining cetane number of the gasoil by
conventional measurement; e) selecting a training data set comprising
measured     I.R. data and conventionally measured cetane number     data
and correlating the obtained absorbance values     with cetane number,
generating a set of predictive     data; and subsequently f)  applying
these data to infra-red spectra, taken under     the same conditions, for
gasoils of unknown cetane     number, thus providing the cetane number of
the     unknown gasoil.     As already indicated in the foregoing, the
invention is based upon the principle of correlation of cetane number of a
gasoil to its infra-red spectrum. This principle is known as such (e.g.
from EP-A-0,304,232 and EP-A-0,285,251) and will not be described in
detail.     According to the invention the infra-red spectra of a large set
of gasoils (advantageously at least 100), from a wide variety of sources
are measured. Components from different secondary conversion processes may
be present.     The variety is important since this determines the
generality and applicability of any subsequent statistical predictive tool.
The spectral region used is 9000-4500 wave numbers for finished and fully
blended gasoils. A measurement of the cetane ignition improver
concentration is also required (1600-1700 wavenumbers, advantageously 1630
wave number), because this influences the cetane number.
-4-      For work on conversion process streams, for real-time process
control application, the spectral region is also 



9000-4500 wave numbers.     The spectra are then analyzed, together with
determinations of cetane number by conventional test engine measurement,
using multivariate statistical techniques known as such, e.g. Partial Least
Squares, Multiple Linear Regression, Reduced Rank Regression, Principle
Components Analysis and the like, or neural networks.     Subsequently
predictive data are generated that can subsequently be applied to the
infra-red spectra, taken under the same conditions, for gasoils of unknown
cetane number.     Standard errors of prediction have been achieved less
than 0-4 cetane numbers.     The general theory and general operation of
neural networks as such is known to those skilled in the art and will
therefore not be described in detail.     Generally, a neural network can
be defined as a system, wherein during a learning period a correlation
between input- and output variables is searched for. After sufficient
examples have been offered in this learning period the neural network is
able to produce the relevant output for an arbitrary input. Neural networks
have found applications e.g. for pattern recognition problems.     As those
skilled in the art will appreciate, neural networks are built up of layers
of processing elements (similar to the brain's neurons) each of which is
weighted and connected to elements in other layers (similar to the brain's
synapses). A network learns patterns by adjusting weights between the
elements whilst it is being trained with accurate qualified data.
-5-      According to an advantageous learning algorithm, training errors,
the difference between the actual and predicted result are propagated
backwards through the network to the hidden layers which receive no
feedback from training patterns. The weights of the inter- connections are
adjusted in small steps in the direction 



of the error, to minimize the errors, and the training data is run through
again. This happens many times till the error reaches an acceptable level,
which is usually the repeatability of the initial measurement.     As
already indicated in the foregoing, multivariate statistical techniques for
data analysis are known as such, but for reasons of clarity here a more
detailed description of the analysis of infra-red spectral data using
Principal Component Analysis is provided.     In the matter of the above
prediction, a training set is defined as those gasoils whose spectra and
'engine- measured' cetane values are used in the analysis and generation of
predictive data, which can subsequently be used to determine the cetane
number of an unknown gasoil. The selection of this training set is clearly
important because it critically influences the generality and predictive
performance of the data. Data analysis on the set of spectra corresponding
to the gasoils of the training set is done in the following manner: 1.  The
mean spectrum of the set is generated and the differences between each
individual spectrum and the mean are calculated. 2. The mean spectrum will
be in the order of 5000 data points and so the problem of analysis of a set
of 100 gasoils is very difficult. A technique is required to allow data
reduction to a manageable number of problem variables. A set of artificial
spectra are calculated by simultaneous analysis of the difference spectra
such that the variance in the data can be explained by these
-6-  artificial spectra. The difference spectra are defined here as the
arithmetic differences in absorbance between the mean spectrum of the
gasoil set and each individual gasoil spectrum. The artificial spectra are
known as the principal components and, when added in correct proportion to
the mean spectrum, re-generate the individual gasoil spectra. For example a
typical number of principal components would be 10 and so the original
gasoil spectra can be re-generated by addition of appropriate contributions
of each principal component to 



the mean. The contribution due to each principal component is known as the
principal component score and the scores will be different for each gasoil.
3. The information in the gasoil spectra has thus been reduced from 5000
data points for each to 10 principal component scores. These scores can be
correlated with the engine-measured cetane numbers using a technique such
as multiple linear regression. 4. The subsequent analysis of an unknown
gasoil involves the measurement of its spectrum and then spectral
description in terms of the principal components used before to describe
the training set of gasoil spectra. This results in a set of the principal
component scores for the unknown gasoil. The coefficients of the earlier
multiple linear regressional correlation can then be applied to the
principal component scores of the unknown gasoil's spectrum, providing the
cetane number of the unknown gasoil. 5. The analysis in the case of the
neural network technology is different from the above, because the data
reduction is performed by physical reduction in the number of measured
wavelengths. The data reduction is in the following manner: Principal
Component Analysis is used on the training set of gasoils, to generate a
'property spectrum' which represents the relative
-7-  importance of each spectral data point to the correlation with cetane
number. The spectral measurement is then simplified to discrete
wavelengths, typically numbering between 5 and 10.     One of the
wavelengths is advantageously used as a transmission reference to correct
for any instrumental drifts.     The remaining wavelengths, corrected by
the reference, are converted to absorption data. This may be done
logarithmically, and the data can be mathematically scaled within
predetermined bounds for each wavelength. That is, extreme values expected
for either fuels, or more likely, process streams are used to provide the
range of acceptable absorbances at each wavelength 



against which the scaling can be done for the fuel to be tested. The
absorbance values are used as the input to the neural network. The neural
network performs pattern recognition tasks and the application here is
clearly to recognise the pattern in the spectral data with relationship to
the cetane number. Before the neural network is used to predict cetane
number of unknown gasoils, it must be 'trained'. The manner of training is
to select the 'training set' to a network, whose size and architecture have
been designed to match the recognition problem. During the training phase
the neural network is repeatedly presented with the infra-red data and the
engine-measured cetane numbers for each of the gasoils, and the
relationship is 'learned'. The manner of the 'learning' is that upon each
presentation of the infra- red data there is a prediction, by the neural
network, of cetane number which is compared to the engine value and the
difference is used as feedback to correct the neural network to its next
prediction. Once the neural network has "learned" the relationship, the
data set should be split into a further training set and a validation set
-8-  that will not be used in the "learning" phase. This process continues
until the network has 'learned' sufficiently, and the predictive errors are
comparable to the uncertainties in the original cetane number determination
by engine. Once this phase is complete, the neural network can be used to
predict cetane number of an unknown gasoil, after measurement of infra-red
spectral data at the wavelengths used during the training.     In
particular, the said predictive data is generated by training the neural
network on the entire data set by repeated presentation of inputs and known
outputs i.e. the infra-red data for the gasoil and its relevant cetane
number data, to learn the relationship between the two, and monitoring the
performance of its predictions against the actual relevant cetane number
data as measured by standard methods for the training data, thus
correlating the absorbance values with cetane number; generating a 



set of values of the interconnection weights and biases of the network as
adjusted after the said learning period; and applying these adjusted
values, utilizing the network algorithm, to infra-red spectra, taken under
the same conditions, for gasoils of unknown cetane number.
Advantageously, the network used has a three-layer architecture which, for
example, comprises in a first layer four input nodes, 2 hidden nodes in a
second layer between the input and output, and in a third layer one output
node. This is called a (4, 2, 1) network. The spectral data are presented
as inputs to the input nodes, wherein the product quality information is
the output.    As known to those skilled in the art the nodes possess
certain weights of interconnections, and may be biased.    The weights and
biases of the network can be stored and used to analyze input data
comprising the measured infra-red absorbances and correlate the pattern to
the                                    -9-  cetane number of a gasoil.
Thus, for a prediction which utilizes the network algorithm to describe
cetane number from I.R.-data, important parameters, having been trained and
successfully tested against the validation set, are the weights of
interconnection between the nodes and the biases at the hidden and output
nodes.     These can be interrogated and then implemented in the network
algorithm for the cetane number analysis of future fuel samples.    For
multiple outputs, a neural network algorithm is implemented for each
output. The implementation is by software code on a microprocessor chip,
and is therefore flexible to any changes in network parameters which can be
easily re-programmed.     It will be appreciated by those skilled in the
art that the network architectures applied may vary in the precise number
of nodes that are present in each layer, or even in the number of actual
layers. Advantageously, 2 to 5 layers are applied.     According to the
invention advantageously the number of nodes of the input layer ranges from
3-10, the number 



of nodes of the hidden layer(s) ranges from 1-10, and the number of nodes
of the output layer ranges from 1-3. More in particular, (3, 5, 1), (6, 6,
3) and (6, 6, 6, 3) networks could be applied.     The method of the
invention will now be described by reference to the following examples:
Example A     A training set of 20 blended gasoils, collected from
different refineries were measured in the infra-red spectral region
9000-4500 wave numbers. The samples were all rated for cetane numbers using
the ASTM D613 method which uses a 'cetane engine'. The training set was
analyzed in the manner described before. The analysis using the principal
components to describe the data by                                    - 10
-  'artificial spectra' is done, and provides the first three principal
component spectra in the range 6400-4800 wave numbers. The training set
used in this example required 5 principal components, and the results
showed a correlation between the engine-measured cetane numbers and the
infra-red prediction of cetane numbers of 0.94, and standard errors of
prediction of less than 0.4 cetane numbers. The use of neural networks for
the prediction of cetane number instead of the above analysis begins, for
the first training set, with principal component analysis to generate a
property spectrum from which the important, discrete wavelengths can be
identified. The neural network approach subsequently used would start with
the measurement of the training set infra-red data at those wavelengths
identified in this analysis. Example B     A training set of 11 gasoil
blending components e.g. light cat cracked cycle oil, straight run
distillate, with cetane numbers in a broad range between 20 and 60, is used
to demonstrate the breadth of applicability of infra-red cetane
determination. The infra-red spectra are measured in the range 9000-4500
wave numbers. A predictive data which uses 3 principal components is
generated in the manner of the stated procedure. A correlation coefficient
of 0.99 between the predicted 



values and the measured values of cetane number is provided.
Cross-validation provides a good indicator of predictive performance on
unknown fuels. The set of data in this example gives results with standard
errors of prediction of better than 0.9. This performance is lower than the
previous example, and reflects the smaller training set and broader cetane
number range of the fuels. A larger training set would improve this figure
to comparable levels as example A.               Various modifications of
the invention will become apparent to those skilled in the art from the
foregoing description and accompanying drawings. Such modifications are
intended to fall within the scope of the appended claims.
- 12 -                            C L A I M S   1. A method for prediction
of cetane numbers of gasoils, comprising the steps of: a) measuring the
I.R. spectra of a large set of gasoils,     from a wide variety of sources;
b) selecting in the spectral region a range of wave     numbers; and
converting a number of the wavelengths     in question to absorption data
and using said     absorption data as an input to multivariate 



statistical analysis or a neural network; c) analyzing the spectral data
using multivariate     statistical techniques or neural networks; d)
determining cetane number of the gasoil by     conventional measurement; e)
selecting a training data set comprising measured     I.R. data and
conventionally measured cetane number     data and correlating the obtained
absorbance values     with cetane number, generating a set of predictive
data; and subsequently f) applying these data to infra-red spectra, taken
under     the same conditions, for gasoils of unknown cetane     number,
thus providing the cetane number of the     unknown gasoil. 2. The method
as claimed in claim 1, wherein the spectral range is 0.78-30 [err]m
wavelength. 3.  The method as claimed in claim 1 of 2, wherein the set of
gasoils is at least 100. 4. The method as claimed in any one of claims 1-3,
wherein the sets of gasoils contain components from different secondary
conversion processes. 5. The method as claimed in any one of claims 1-4,
wherein the spectral region used is 9000-4500 wave
-13-  numbers for finished and fully blended gasoils and the cetane
ignition improver concentration is measured in the spectral region of
1600-1700 wave numbers. 6.  The method as claimed in any one of claims 1-4,
wherein the spectral region is 9000-4500 wave numbers for conversion
process streams with a wide range of cetane numbers. 7. The method as
claimed in any one of claims 1-6, wherein a neural network is applied,
comprising the steps of:     training the neural network on the entire data
set by repeated presentation of inputs and known outputs i.e. the near
infra-red data for the gasoil and its cetane number, to learn the
relationship between the two, and monitoring the performance of its
predictions against the actual cetane number data as measured by standard
methods 



for the training data, thus correlating the absorbance values with said
cetane number;     generating a set of values of the interconnection
weights and biases of the network as adjusted after the said learning
period; and     applying these adjusted values, utilizing the network
algorithm to near infra-red spectra, taken under the same conditions, for
gasoils of unknown cetane number. 8. The method as claimed in claim 7,
wherein the number of layers of the neural network is 2 to 5. 9. The method
as claimed in any one of claims 1-7, wherein the neural network applied has
a three-layer or four-layer architecture. 10. The method as claimed in
claim 9, wherein the number of nodes of the input layer is from 3 to 10,
the number of nodes of the hidden layer(s) is from 1 to 10, and the number
of nodes of the output layer is from 1 to 3.
- 14 -  11. The method as claimed in claim 9 or 10, wherein the network
comprises 4 input nodes, 2 hidden nodes and one output node ((4, 2, 1)
network). 12. The method as claimed in claim 9 or 10, wherein the network
is a (3, 5, 1) network. 13. The method as claimed in claim 9 or 10, wherein
the network is a (6, 6, 3) network. 14. The method as claimed in claim 9 or
10, wherein the network is (6, 6, 6, 3) network. 15. The method as claimed
in any one of claims 1-6, wherein the set of predictive data are the
principal component scores and their multiple linear regression
coefficients of the I.R. spectrum and the applied multivariate statistical
technique is Principal Component Analysis.    


