
VISUAL OBJECT APPEARANCE MODELLING USING IMAGE PROCESSING The present
invention relates to methods and apparatus for processing images. More
particularly, but not exclusively, the invention relates to a method for
generating a model from a set of images, the model being useable to
determine whether an input image is a member of the set of images. Some of
the methods described herein also allow an area of input image best
satisfying a model to be identified. The use of computers in the field of
image recognition is well known. One particular application of image
recognition is in the field of industrial inspection. Here, a computer is
provided with an image and it is required that output data indicating
whether or not the input image is a member of a class of images is
generated. The class of images may represent permissible variation of a
particular component which is operated on by an industrial process.  It is
known to carry out the processing described above using a mode/
representing the class of images. Such models are typically created by
receiving and processing a plurality of training images, the plurality of
training images being examples of the class of images of interest. That is,
given that many industrial processes have permissible ranges of variation,
the plurality of training images will be examples which span the
permissible range of variation, such that the generated model properly
represents the permissible range of variation.  While the use of models of
the type described above has enjoyed considerable success, it is not
without its disadvantage& One disadvantage is that it is often difficult to
generate a sufficiently accurate model, for example because a small number
of the plurality of training images may erroneously not properly represent
images which are within the permissible range of variation. The inclusion
of such images in the model building process can result in models which
wrongly indicate that input images are within the permissible range of
variation when, in fact, this is not the case. Another disadvantage of the
use of models of the type set out above is that typically when an input
image is provided which the model determines is not within the permissible
range of variation, an operator is provided with no information of why this
might be the case, simply an indication that the input image is not in
accordance with the model. Additionally, some existing techniques are such
that when it is desired to identify an area of an input image which best
satisfies a model, the techniques fail to even identify the area best
satisfying the model, if that area insufficiently satisfies the model. That
is, where no area of an input image sufficiently satisfies ,a model, it is
often useful to provide information identifying the area which nevertheless
best satisfies the model, Existing techniques often fail to do this. It is
an object of embodiments of the present invention to obviate or mitigate
one or more of the problems set out above. 



According to a first aspect of the present invention, there is provided a
method of generating a model from a set of images. The method comprises
processing a plurality of data items, each data item representing an image
of said set of images, to determine variability between said plurality of
data items. The model is generated based upon said data items and said
variability wherein the Influence of each of said data items upon the
generated model is determined by a relationship between a respective one of
said data items and said variability. The invention therefore allows a
model to be created in which the influence of a particular data item upon
the created model is determined by relationship between the particular data
item and the variability between the plurality of data items, Thus, a data
item which is far outside the normal range of variability has a relatively
low influence on the generated model. The created model is therefore
considered to be a robust model, in that it is not affected to too great an
extent by data items lying outside the normal range of variability used in
its creation. Each of the plurality of data items may be a normalized data
item. Normalization of a data item can be carried out in any convenient
way. A plurality of initial data items may be received, each initial data
item comprising a plurality of elements, A median value for each element
may be computed based upon values of that element in each of said plurality
of initial data items. The use of a  median value in this way has been
found to allow for robust normalization. More particularly, the use of a
median value has advantages over the use of a mean value given that a
median value is not unduly affected by a small number of outlying values. A
median absolute deviation (MAD) value for each element may be computed
based upon values of that element in each of said plurality of initial data
items. Again, the use of the MAD is advantageous given that it is
relatively robust to outlying element values. The method may further
comprise processing each element of a respective data item with reference
to a respective median value and MAD value to determine a normalization
factor for the respective data item. A respective normalized data item for
each initial data item can then be generated by applying said normalization
factor to the respective initial data item. This method of normalization is
advantageous given that its use of median and MAD values means that it is
relatively robust to the effect of outlying data element values. Generating
the model based upon said data items may comprise associating a weight with
each of said data items. The weights may be based upon said variability.
The weights can be arranged such that influence of outlying data items is
minimised. A weight for each of said data items may be computed.  Computing
a weight for a respective data item may comprise determining a relationship
between the respective data item and an average data item. The average data
item may be a median data item. The use of a median data item is preferred
as this results in the weights being computed in such a way that the effect
of outlying data items is minimised. 



The method may comprise determining a value indicating a confidence in each
of said data items. The confidence of a respective data item may be based
upon the relationship between the respective data item and the average data
item and variability of said data items.  The method may further comprise
generating a probability distribution from said values indicating a
confidence in each of said data items, and determining a probability value
for each of said data items based upon the generated distribution. The
weight associated with a particular data item may be a function of the
determined probability value. The function may provide a first weight value
when said probability is within a first range, and the function may provide
a weight value in a second range when said value indicating probability is
in a third range. Generating the model may comprise determining a
difference relationship between each of said data items and an average data
item to generate a plurality of difference data items. The average data
item may be a weighted mean of said data items, the weighted mean being
based upon the determined weights. The use of such a weighted mean is
beneficial in providing the method with additional robustness.  The
determined weights may be applied to said difference data items and a
matrix indicating how each weighted difference data item varies with
reference to each other weighted difference data item may be generated. The
matrix may be a covariance matrix, Generating the model may further
comprise establishing the eigensystem of the said matrix to generate a
plurality of eigenvectors and eigenvalues and creating a matrix containing
at least some of said plurality of eigenvectors. In this way, principal
component analysis is performed. Generating said plurality of eigenvectors
and eigenvalues may further comprise processing a further matrix, said
further matrix being of smaller size than said matrix. More particularly,
the eigenvalues may be derived from said further matrix. The model may be a
statistical model. For example, the model may have a form: m + Pb where m
is an average data item; P is a matrix indicating permissible variation;
and b is an example instance of the model.  



Each data item may be a vector, and each element of each data item may
represent a pixel value. According to a second aspect of the invention,
there is provided, a method of generating data indicating how well an input
image satisfies a model representing a set of images, The method comprises
processing an input data item representing the input image to generate data
indicating how well the image can be represented by the model. The input
data item comprises a plurality of elements, each element representing a
respective image element of the input image. Processing the input data item
to determine how well the input image satisfies the model comprises
determining an influence which each element of the input data item should
have upon the generated data, and generating said data such that each
element of the input data item has the determined influence. The use of an
influence in this way ensures that elements of the input data item which
are anomalous have a relatively low influence upon the determination,
thereby ensuring the robustness of the determination when some element
values (e.g. pixel values) are anomalous.  Determining an influence which
an element of the input data item should have upon the generated data may
comprise generating a weight data item for each element of the input data
item.  Generating said data such that each element has the determined
influence may comprise determining a relationship between each element in a
plurality of sample data items representing images of the set of images and
a respective element of the input data item. A respective one of said
weight data items may be applied to each relationship to generate said data
indicating how well the input image satisfies the model. Generating each
weight data item may comprise determining a relationship between an element
of the input data item and the variability of an element of a plurality of
sample data items. The relationship between an element of the input data
item and the variability of an element of a plurality of sample data items
may be a relationship  between the difference between the element of the
input data item and an average element value, and said variability. Each of
said weight data items may be generated using iterative processing, The
method may further comprise generating output data indicating the influence
of at least some of said input elements upon said determination. The output
data may comprise graphical output data indicating pixels of the input
image which contribute relatively little to the determination. In this way,
diagnostic feedback can be provided to a user, for example using an
appropriate graphical user interface. The data indicating how well an input
image satisfies a model may be generated iteratively. The input data item
may be a normalized input data item. 



According to a third aspect of the present invention, there is provided, a
method of identifying an area of an image which best satisfies a model. The
method comprises processing a first area of said image with reference to
the model, said processing generating displacement information, A second
area of said image is processed with reference to the model, the second
area being selected based upon said displacement information.  In this way,
the third aspect of the invention generates data which can be used to focus
and direct a search intended to locate an area of an image which best
satisfies the model. This can be beneficial in improving the efficiency
with which the area of an image best satisfying a model is located. The
displacement information may comprise translational displacement
information and/or rotational displacement information. Processing the
first and/or second area of the image with reference to the model may
comprise carrying out processing as described above in connection with the
second aspect of the invention.  According to a fourth aspect of the
present invention, there is provided, a method of generating model data
representing a model of a class of images. The method comprises processing
a plurality of sample data items to generate said model data, each sample
data item comprising displacement information. In this way, the fourth
aspect of the invention generates a model which includes displacement
information which can be useful when the model is applied to an input
image. The method may further comprise receiving an input data item and
generating sample data items based upon a plurality of displaced versions
of said input data item. The processing may comprise performing principal
component analysis.  It will be appreciated that the invention can be
implemented in any convenient way. For example, aspects of the invention
provide not only methods but also suitably configured apparatus. The
invention may be carried out by means of suitable computer programs which
may be carried out on appropriate carrier media. Such media includes both
tangible carrier media and intangible carrier media. When the methods
described above are implemented using a computer the various images and
models may be represented by way of digital data which is stored in a
suitable memory in the computer.  Embodiments of various aspects of the
present invention will now be described, by way of example only with
reference to the accompanying drawings, in which: Figure 1 is a schematic
diagram of an image analysis system; 



Figure 2 is a flowchart showing processing carried out in constructing a
robust statistical model of a set of sample vectors representing images;
Figure 3 is a flowchart showing processing for robustly normalizing a set
of sample vectors in the process of Figure 2;  Figure 4 is a flowchart
showing part of the processing of Figure 2 arranged to generate weights for
the set of sample vectors; Figure 5 is a flowchart showing processing to
perform weighted principal component analysis in the processing of Figure
2; Figure 6 is a flowchart showing part of the processing of Figure 5
arranged to calculate an eigensystem of a matrix; Figure 7 is a flowchart
showing processing carried out to test a test vector's fit to the robust
statistical model generated using the processing of Figure 2; Figure 8 is a
schematic illustration showing displacements of a training example; Figure
9 is a flowchart showing how displaced training examples can be used to
create a sample set suitable for use in the processing of Figure 2; Figure
10 is an illustration of a set of training images; Figure 11 is an
illustration of an input image which is not in accordance with the set of
training images; and Figure 12 is an illustration of output provided
indicating defective pixels in a test image. 



Referring now to Figure 1, a model builder module 1 takes as input a set of
training images 2. The model builder module 1 constructs a statistical
model 3 based upon the training images 2 as described below with reference
to Figure 2. The model builder 1 outputs a statistical model 3 based upon
the set of training images. The statistical model 3 is a model based upon
the range of variation within the set of training images 2. The model 3 is
passed to an image testing module 4 which processes a test image 5 with
reference to the statistical model 3 to generate an output 6 indicating
whether the test image 5 can be sufficiently accurately represented by the
model.   The processing described with reference to Figure 1 is such that
if the set of training images 2 is representative of a particular class of
images, the model 3 is a model representing that class of images. The image
testing module 4 can then determine whether the test image 5 is a member of
the class of images represented by the model 3 in the manner described
above. Referring now to Figure 2, the model builder module 1 of Figure 1
receives at step Si a sample set X which forms the set of training images
2. The set X contains s unnormalized sample vectors xi with j in the range
Ito s where each xi corresponds to a member of the set of training images 2
of Figure 1. Each vector x represents one of the training images 2 and each
element of xi represents a pixel of the respective training image. Each
vector xi is therefore of size n where n is the number of pixels contained
in a training image. At step 52 the sample vectors xi are robustly
normalized to give a normalized sample set X' containing a corresponding
normalized sample vector xi' for each sample vector xi as described in
further detail with reference to Figure 3,  At step 53 a robust zero-mode
model is constructed for the set X' and at step 84 a robust fit-function is
constructed using the robust zero-mode model. The robust zero-mode model is
so called because its creation does not depend upon an Eigensystem
analysis, and as such the model contains no eigenvectors. An eigenvector
can be said to represent a 'mode of variation' of the data from which it is
derived. A model without eigenvectors is thus referred to as a 'zero-mode
model. At step 55 a probability estimate pi is calculated for each sample
vector xi', using the robust fit-function calculated at step 84. At step S6
a weight wi for each sample vector xi' is calculated based upon the
probability estimate pi. The weights computed in this way are based upon a
level of confidence associated with each vector xi, the level of confidence
indicating whether each vector xi' is a valid member of the set of training
images given the variation within the set of training images. The
processing of steps S3 to S6 is described in further detail with reference
to Figure 4, In this way, if the sample set X includes at least some
vectors which are not properly representative of the class of images which
the model is to represent, the methods described herein are configured such
that vectors associated with training images which are not properly
representative of the class of image have a relatively low  impact on the
created model, That is, where inaccuracies exist within the sample set X,
those inaccuracies have a relatively low overall impact on the model. This
results in the creation of a model which is said to be robust. At step 37
weighted principal component analysis is carried out on the normalized
sample set X' as described in further detail with reference to Figure 5.
The process of robustly normalizing the sample set X to calculate a
normalized sample set X' is now described in further detail, with reference
to Figure 3 which shows processing carried out at step S2 of Figure 2.
Referring to Figure 3, at step 310 a centre point vector m is calculated
for the set of sample vectors X. The centre point vector is a vector of
size n where each element of m, mi, is the median value of each pixel x1
calculated across the sample set X. By using the median value the effect of
outlier pixels in the input vectors is reduced or even eliminated. More
specifically, while some known statistical models are based upon a centre
point vector based upon a mean value of each pixel, such methods are
undesirably affected by outlier pixels. This problem is overcome by the use
of median values in the manner described above. At step S11 a spread vector
a is calculated. The spread vector is a vector of size n 



where each element of Cc , ai is the median absolute deviation (MAD) of
each pixel across the sample set X. A MAD value ai is calculated according
to equation (1): al= median xi; -milj) Again, the use of the MAD as a
measure of spread is effective in ensuring that outlying pixels do not
unduly affect the created model. While this is a beneficial property of the
use of the MAD value as described above, such benefits are not achieved
where a measure such as standard deviation is used to indicate spread. At
step S12 the vector norm 1[41 is calculated for each sample vector xj in X.
The vector norm for a vector x is calculated according to equation (2)
shown below.  il X 11= Elmi Wnonn(X mho-1XX; 811)1(2) The function Mon, is
a Cauchy function calculated according to equation (3) shown below. 1
Moan(x Mc Cri )  1+                                fiCi The parameter /I
determines the penalty associated with bad data. The inventors have found a
value of 3.5 for ft is effective. It will however be appreciated that other
values of p can be used in equation (3), and indeed that weight functions
other than that of equation (3) can suitably be used. 



At step S13 a normalized sample set X' of normalized vectors xi' is
calculated by applying the vector norm 11x111 calculated at step 512 to
each sample vector xi according to equation (4) shown below. xi'=kI1 x,(4)
From the preceding discussion it will be appreciated that normalizing the
input vectors using the median and MAD values across the sample set X
reduces the effect of outlier pixels or bad pixels. The normalization
process described above ensures the model is resilient when bad examples
are included in the sample set. Good discrimination is still possible when
the sample set X includes vectors representing some training images which
are not properly representative of the class of images represented by the
sample set. The process of calculating a set W of weights w, where each wi
corresponds to a normalized sample vector x: is now described in further
detail with reference to Figure 4 which shows processing carried out at
steps S3 to 56 of Figure 2.   Referring to Figure 4, at step 815 a centre
point vector m' of size n is calculated from the set of normalized sample
vectors X', each element of the centre point vector m is the median value
of that element across the set of normalised sample vectors x'. At step S16
a spread vector a ' of size n is calculated for the set X'. The spread
vector   ' comprises a MAD value for each pixel. It will be appreciated
that the centre point vector m' and spread vector a' are calculated in the
same way as at steps S10 and 811 of Figure 3 and as described previously,
but are now based upon the set X' rather than the set X. At step 817 a set
R of residual vectors ri is calculated, each vector ri is of size n, with
one residual vector calculated for each member of the normalized training
set X'. Each residual vector ri is calculated according to equation (5)
shown below. =-, j =...S(5) At step 818 a set F of quality of fit function
values jej is calculated, where each corresponds to a member of the
normalized training set xi'. Each quality of fit function value is
calculated according to equation (6) shown below: I r. '2 



-Z= 1-s 1.,_ I (6)   where r); is the ih element of the residual vector ri
associated with the sample vector x1', and o-i ' is the im element of the
spread vector a' calculated at step S16. The value fi is an indication of
how likely it is that a vector xi' represents a valid example of the class
of images represented by the training images, given the range of variation
within the set of training images. A smaller value of fi indicates that a
vector xi' is more likely to be a valid example, with a value of fi = 0
occurring when  At step S19 the median, mF of the set F is calculated and
at step 520 the MAD, cr F of the set F is calculated. At step 521 a value k
is calculated according to equation (8) for ease of further calculations: k
= 2(mF/a F)2(8) 



At step 522 a set P of probabilities R is calculated where each probability
p, based upon the fit function values fi of the set F. The method assumes
that the fit function values f, form a x2 distribution. Using the
assumption of a x2 distribution and the median and MAD of the values .jr,
in the set F, values pi are calculated using a standard algorithm given by
equation (9) below. pi(m2/k) x2 (kiiiirnF, j = 1...s(9) At step 523, for
each probability pi in the set P a weight wi is calculated according to
equation (10) given below: wi = min(1, up)(10) where a = 10 and the
function min returns the smallest value of its arguments. It can be seen
that the weight wi takes the value 1 for any probability value R greater
than the threshold 0.1. Probability values of p, less than 0.1 have a
diminishing contribution proportional to their scaled probability.
Referring back to Figure 2, the process of calculating weights wi at step
56 has been described. At step 57 of Figure 2 the weights w1 are processed
together with the normalized vectors xi', to derive a weighted covariance
matrix C and an eigensystem analysis is performed upon this weighted
covariance matrix C. The process of performing an eigensystem analysis of a
weighted sample covariance matrix generated from the set of sample vectors
X' is now described in further detail with reference to Figure 5 which
shows processing carried out at step 57 of Figure 2,  Referring to Figure
5, at step 625 the weighted origin vector mw is calculated according to
equation (11) given below:  



where the value w, is the weight associated with the sample vector xf and
calculated at step S6 of Figure 2 with reference to Figure 4, At step 626 a
difference vector fixi is calculated for each sample vector xi according to
equation (12): 6x; = xi'j = 1...s(12) It is desired to determine a
covariance matrix C based upon the difference vectors given by equation
(12). The covariance matrix is defined by equation (13): c = The matrix C
C= DDT where D is an D - ss Ew.IEw(5x, \j=1)fr-1 



can be created (n x s) weighted II using equation (14): data matrix defined
by equation (15): , j=1,...,s (13)  (14)  (15)   VI/ j  



W I    where j is a column of D.  At step 327, the matrix D is constructed
according to equation (15), and at step 328 the eigensystem of the
covariance matrix C defined by equation (14) is calculated. The created
eigensystem is truncated at step S29 to give a matrix P where P is an (n x
t) matrix and t is the number of eigenvectors retained in P. Where the
value n of the number of elements in each sample vector is less than or
equal to the value s of sample vectors, the matrix C = DDT is explicitly
constructed and its eigensystem determined at step 828. Any known method
for calculating eigenvectors and eigenvalues may be used. However, it is
often the case that the value s indicating the number of sample vectors is
smaller than the value n indicating the number of pixels in each sample
vector. Where this is the case the calculation at step 828 may be performed
according to the computationally less expensive processing described below
with reference to Figure 6 in which the eigensystem of C = DDT is
established via the eigensystem of the smaller matrix DTD. Referring to
Figure 6, At step 831 the eigenvalues A1 and orthonormal eigenvectors qi of
the (s x s) matrix DTD are calculated. Any known method for calculating
eigenvectors and eigenvalues may be used. 



It can be shown that the eigenvalues A; of the matrix DTD are also the
eigenvalues of the matrix DDT as set out below. By definition: (DTD); =
Aiqi(16) Multiplying both sides of equation (16) by D gives: (DDT )Dcli)
Xl(DcL)(17) From equations (16) and (17) it can be seen that Dq, are
eigenvectors of the matrix DDT and the eigenvalues A, are common to both
the matrices DDT and DID. In  order to maintain the orthonormality of the
eigenvectors of DDT, k, the Dq, vectors are scaled as follows at step S33:



Orthonormality of the eigenvectors p, is ensured as follows:    It can
therefore be seen that the eigensystem of the smaller (s x s) matrix DTD
(where s < n) is used at step S33 to establish the eigensystem of the (n x
n) matrix DDT. It can be computationally less expensive to calculate the
eigensystem of the matrix DTD in the case where s is smaller than n and
significantly so in the case where s is much smaller than n.  Each
eigenvalue of C is indicative of the variance of the training examples from
the weighted mean associated with the corresponding eigenvector. The
eigenvalues and corresponding eigenvectors are ordered in decreasing
magnitude of the eigenvalues. As described with reference to Figure 5, at
step S29 the eigenmatrix is truncated to give the (n x t) matrix P where n
is the number of elements in each input vector and t is the number of
eigenvectors retained.  The number of eigenvectors retained is determined
by choosing the eigenvectors corresponding to the largest eigenvalues which
sum to a predetermined proportion of the total variance, the total variance
being the sum of all the eigenvalues. For example, given 10 eigenvectors
with corresponding eigenvalues (OA, 0.3, 0.2, 0.05, 0.02, 0.01, 0.006,
0.005, 0.005, 0,004) and predetermined proportion of variance chosen to be
0.95, the first 4 eigenvectors are retained, since the first 4 eigenvalues,
corresponding to the retained eigenvectors, sum to 0.95 and the total
variance is 1.0. The matrix P forms part of the statistical model 3 of
Figure 1 and is passed to the image testing module 4 for testing of further
input images 5. An input image 5 is represented by a candidate vector y.
The image testing module 4 is arranged to determine whether it is possible
to find a vector b representing a point in the space defined by the
truncated eigensystem such that equation (20) is satisfied: y m" Pb(20)
where mw is the weighted origin vector of the model, P is the truncated
eigenmatrix and b is the unknown vector which represents a point in the
space defined by the truncated eigensystem.  It will be appreciated that it
will often not be possible to find a vector b such that equation (20) is
exactly satisfied, thus, it is necessary to determine whether an error
given by equation (21) is sufficiently small so that it can be considered
that the candidate vector y representing the input image 5 is an example of
the class of images defined by the model. 



The reconstruction error yr for a given candidate vector y is given by
equation (21): yr = y - (re + Pb)(21) The problem to be solved with respect
to b is given by equation (22): Min(yr TW yr)(22)  where W is a (n x n)
diagonal matrix of positive weights where the weights reflect the
confidence in each element of y. That is, without applying the diagonal
matrix of positive weights W to the elements of the vector yr each element
is given an equal rating such that a single anomalous element can have a
disproportionate effect upon the processing. Equation (22) can be written
as equation (23): Adin(yrTW yr) = Min(yrTICRVWY1) = Min((s/VV(y (mw + RIOT
ciw(y_(-n, +pb))) =minfr\--4_(m"Pb)/12  =MTh -?/VV 6.1-nw)_pby(23) 



Using the well known result given by equation (24):  Min a -Bz1l2with
respect to z has the solution (1318)z = BTa(24)  the solution to equation
(23) is therefore given by equation (25):  (A/WR)T PWP)) = (ANPNW(y - m
w(25)  which can be simplified to give equation (26):  



(ID T wp)D _vv(st _ m)(26)
Whilethesolutionofequation(26)ismathematicallystraightforward, the
straightforward solution is computationally expensive, Equation (26) is
therefore solved as follows in the image testing module 4, to determine the
value b providing the minimum value of yr in a computationally less
expensive way. This will now be described with reference to Figure 7.
Referring to Figure 7, at step S40 a test vector y, normalized according to
the processing of Figure 3 and corresponding to the input image 5 of Figure
1 is input to  the image testing module 4 of Figure 1. The test vector y
represents the input image 5 and has the same size as each of the training
images 2 of Figure 1, and each element of y corresponds to a pixel of each
training image. At step 341 a vector b of size t is initialised to have all
elements equal to 0, At step 342 a counter variable c is initialised to 1.
The counter variable c indicates the current iteration of the processing
defined by steps 346 to 351. At step 543 the initial error vector yr of
size n is calculated by point-wise subtracting the elements of the weighted
origin vector rev, calculated at step S25 of Figure 5, from the
corresponding elements of the test vector y as shown by equation (27)
below: yn = y, -(27) 



At step 344 the spread vector a" of size n is calculated by equation (28)
below: ar ico=(28) where c is the el diagonal element of the covariance
matrix C. The value ch is the total weighted variance associated with the I
pixel over the training set. At step S45 the (n x n) diagonal matrix of
weights W is calculated. The matrix W has values on the diagonal defined by
equation (29) below:    and all other values of W equal to a Each value Wo
indicates a confidence in the it pixel of y. The parameter ft determines
the penalty associated with bad data. The inventors have found a value of
5.5 for /5 is effective in equation (29). It will however be appreciated
that other values of fi can be used, and indeed that other weighting
functions can be used.  For the purposes of the processing described below,
at step 546 the vector a" is redefined according to equation (30): f =DIP;,
i 1...n(30) where p0 is the it element of the matrix P calculated at step
529 of Figure 5. 



At step 847 the eh iteration of the vector b, b` is calculated according to
equation (31) below: be= bc"1+ PTWc-lyre'l(31) where PT is the transpose of
the matrix P calculated at step 829 of Figure 5. At step 848 the current
approximation of the vector y, yc is calculated according to equation (32)
below: Pio'(32) At step 549 the cth iteration of the error vector is
calculated according to equation (33) below: yr = y - sic(33) At step S50
the cth iteration of the matrix V1/4/ is calculated according to equation
(34) below: Veij = Cauchy(yr,e, al")(34) where the function Cauchy is as
defined by equation (29). 



At step 851 a check is carded out to determine whether further iterations
of the processing of steps S47 to 550 should be carried out. In one
embodiment a small predetermined number of iterations is carried out, for
example a number in the range 1 to 10, such as 2 or 3. If further
iterations are to be carried out processing passes  from step 651 to step
852 where the value of c indicating the current iteration is incremented,
before processing returns to step 847. If the predetermined number of
iterations has been carried out, processing passes from step S51 to step
S53 where the quality of fit of the vector be is determined. The quality of
fit is calculated according to either equation (35) or (36) below:    2 f
=MIYrj 1=1 vi (36)   where IT =,w1 = Wu, yr = yrc , V = (o-, the vector a"
is as defined at 



F? step 646 of Figure 7 and MI is the Mahalanobis distance. The Mahalanobis
distance is a normalized distance metric measuring the distance from the
origin of the model (i.e. the centre point vector) in the dimensions
spanned by the model. Mils calculated by equation (37): b2 Mt =E (.1 2i
where t is the number of eigenvectors and eigenvalues retained from the
eigensystem analysis, A) is the it eigenva/ue and b, is the ith element of
the vector b`. The lower the value of either of the fit functions f, P the
better the fit of the test vector y to the model, with a value of 0
occurring when y = It can be seen that when the weights are each unity, ft
can be expressed according to equation (38) below: Mt1 n yr)2f F?fl1= ttn
The function f' weights defective pixels and therefore allows non-defective
pixels to be correctly assessed. Each pixel is weighted according to the
weights wi calculated for each pixel of the candidate vector y by the
process described with reference to Figure 7. A vector wy of size n is
output where wy is calculated according to equation (39) below: 



wyi = VVij ,1= 1.,.n(39) The processing described above is concerned with
determining how well the image represented by the normalized test vector y
satisfies the created model. In many practical applications, the test
vector y represents part of a larger input image. It cannot be known in
advance exactly where within the larger input image the object of interest
lies. It is desired to determine an area within the larger input image
which best satisfies the created model. It can subsequently be determined
whether the determined area satisfies the model sufficiently well for it to
be concluded that the determined area is indeed an instance of the class of
images represented by the model. The quality of fit function defined by
equation (35) can be used to differentiate between alternative areas of a
large image to determine an area which best satisfies the model, while the
quality of fit function defined by equation (35) can be used to evaluate
the area best satisfying the model discovered during such an image search
to determine whether the area best satisfying the model satisfies the model
sufficiently well for the area to be considered to represent the class of
images represented by the model.  In order to locate the area of the input
image which best satisfies the created model, the processing described with
reference to Figure 7 is carried out repeatedly for different areas of the
input image, each area being represented by a respective test vector which
is input to the processing of Figure 7. For each test vector a value of the
fit function f' defined by equation (35) can be calculated. The area of the
image providing the best (i.e. minimum) value of the fit function f1 can be
determined to be the area of the input image which is most likely to
represent an instance of the model sufficiently well.  The processing
described above can be carried out by considering the input image as a
search grid, which can conveniently be defined by the pixels within the
input image, A respective test vector is created from each area of the
input image defined by the search grid, and each test vector is input to
the process of Figure 7 to generate a value of the fit function P. Each
test vector represents an area of the input image defined by a particular
position on the search grid and an orientation. While this processing can
be effective in determining an area of the input image (defined by position
and orientation) which best represents an instance of the model, it will be
appreciated that it is computationally expensive, given that the processing
of Figure 7, and computation of a value of the fit function f' must be
repeated for each area of the input image defined by the search grid.  In
order to reduce the computational cost of the search process, an initial
search of the input image may be carried out using a more coarsely defined
grid. This initial search can thereby provide an estimate of the area of
the image which represents the best instance of the model in the input
image. When an area of the image has been identified in this way, the
determined area can be refined by perforrning further searches of the
identified area at a higher-resolution (i.e. using a more finely defined
grid). A typical search method based upon such a technique may start a
search using data sub-sampled by a factor of 64 and identify an area of the
image based upon this sub-sampled data. Subsequent search processing then
reduces the sub-sampling (by a factor of 4 at each stage) and continues
until the search has been carried out at the highest possible resolution.
It will be appreciated that a technique of this type using varying
resolutions (sometimes referred to as a "pyramid search") can considerably
reduce computational complexity, given that while an entire input image is
processed at a coarse resolution, the finest resolution is used only to
search a relatively small part of the input image. Each stage of a pyramid
search technique is carried out using a model having the appropriate
resolution. That is, a search based upon the relatively coarse grid is
carried out using a relatively low resolution model, while a search based
upon a finer grid is carried out using a higher resolution model, However,
even when such a pyramid search technique is used, the methods described
herein still take considerable time to execute given their inherent
computational complexity,   Additionally, it is sometimes desired to not
limit a search to a pixel-based grid, but instead to search at sub-pixel
resolution. That is higher resolution data is generated from the input
image using interpolation, and the higher resolution data can be searched
at resolutions of, for example, +/- 0.5 pixels in each of x and y
directions. Searching at sub-pixel resolution can effectively be carried
out using local optimisation techniques, in which the direction of search
is determined by the results of previous evaluations of the fit function
f', based upon an assumption that the fit-function values provide a single
minima within the search area (i.e. an assumption that the fit function
values are quadratic). While searching at sub-pixel resolution provides
improved results, it will be appreciated that such searching exacerbates
problems of computational complexity.  From the preceding description of
search techniques, It will be appreciated that although the search
techniques described above can be used to identify an area of an input
image which best satisfies a model, the processing is undesirably
computationally complex. To overcome the problems outlined above, the
processing which is now described can be carried out.  Figure 8 shows a
rectangle 10 which indicates an example used to generate the model. Figure
8 also shows a rectangle 11 which indicates the example represented by the
rectangle 10 displaced by a displacement 5x. A rectangle 12 indicates the
example represented by the rectangle 10 displaced by a displacement of -5x.
Similarly a rectangle 13 indicates the example represented by the rectangle
10 displaced by a displacement of 5y, while a rectangle 14 indicates the
example represented by the rectangle 10 displaced by a displacement of -5y.
It will be appreciated that the example represented by the rectangle 10
could also be displaced by angles 58 and -68. 



By building a model based not only upon input examples but also upon
displaced versions of each input example (as represented by the rectangles
11, 12, 13, 14), the processing described above can be applied to a test
vector and used to direct a search process, as described below.  Figure 9
is a flow chart showing processing carried out to create displaced versions
of each input vector representing a training image. At step 660 an input
vector is received. The processing of steps S61 to 666 (described below) is
then repeated seven times so as to create seven sample vectors for
inclusion in the sample set X. Each input vector is displaced in a
plurality of predetermined ways, specifically +/-6x, +/-6y, and +1-59. 6x,
ay, and 69 can take any suitable values. In one embodiment Ox and 5y take
values of +/- 0.5 pixels, while 58 takes values of +/- 0.5. Each pass of
steps 361 to 366 creates a sample vector based either upon an un-displaced
version of the input vector, or upon one of the six displaced versions of
the input vector each using one of the indicated displacements. At step 361
a displacement to be applied to the input vector is determined. At step 362
a check is carried out to determine whether the training image should be
re-sampled, which will be required unless step 361 determines that no
displacement is required. If re-sampling is required, processing passes to
step 363 where re-sampling is carried out, before processing continues at
step 364. If no re-sampling is required, processing passes directly from
step 562 to step S64. At step 364 the displacement determined at step 661
is encoded within the created sample vector. More particularly the pixel
values making up the sample vector are augmented by three elements
respectively representing 5x, 5y, and 58. The sample vector to which the
displacement has been added is then added to the sample set X at step 565.
Processing passes from step 665 to step S66 where a check is carried out to
determine whether displacements of the input vector remain to be processed.
If this is the case, processing passes from step 566 to step 361.
Otherwise, processing ends at step 367.  The processing described above
provides an enlarged sample set X which can be input to the processing
described above with reference to Figure 2. The pixel values of the sample
vectors of the input vectors are normalized in the manner described above
with reference to Figure 3. Additionally, the additional elements of the
vectors indicating displacement are also normalized such that the variance
associated with  each displacement value (6x, 5y, and 00) is similar to the
variance associated with each of the pixels of the vector. This is achieved
by multiplying each displacement value by an appropriate scaling factor. At
step 16 of Figure 4, the pixel spread vector a' is calculated over the set
of normalised training vectors. The median of these values is given by: am
= median(cr),i =1...n(40) 



The scale factors to be applied to the non-pixel elements are then given
by: =cr m lax; a =a" /ay; and(41) a, =17M139  Having created a sample set
in the manner described above, a model can be created using the processing
of Figure 2. The model will now encode not only visual appearance, but also
displacement. More specifically, when a test vector is processed to produce
a point in model space b representing the test vector, the model's
reconstruction of the test vector, (re + Pb), will include elements
indicating displacement. The displacement elements are extracted from the
vector and then scaled appropriately by the inverse of the scale factors
defined by equation (41) used to normalise the displacement elements, i.e.
by (a,71,, and a1), in order to convert the values encoded on the vector
back into pixel/angular displacements. Once the displacement values have
been extracted, they can be used to direct the search. More specifically
the next position within an input image for which a test vector is created
is determined by the displacement information extracted from the vector (re
+ Pb), thus allowing the search to be more effectively focussed, and thus
reducing overall computational complexity. It will be appreciated that the
processing described with reference to Figures 8 and 9 is limited to
directing the search by the size of the displacements used in creation of
the sample set X. Therefore, in some embodiments, a pyramid search
technique may 



be used in which an approximate area is determined using a coarse
resolution search. Finer resolution searches can then use the directed
search technique described above with reference to Figures 8 and 9. The
resolution at which the directed search technique can provide useful
information is determined by the magnitude of the displacements used in
creation of the sample set X. It will be appreciated that the magnitudes of
the displacements used can be determined by the application to which the
technique is to be applied. Additionally, in some embodiments, each input
image may be subject to a plurality of displacements of the same direction
but different magnitudes. lt has been described above that repeated
application of the processing of Figure 7 to a plurality of test vectors
can allow an area of an input image which best satisfies a model to be
determined, with reference to the value of the fit function f'. Having
determined a test vector providing the best value of the fit function f', a
value of the fit function f defined by equation (36) for that test vector
is computed. The resulting value of f can then be converted into a
probability using the following approach: After the model 3 has been built
as described with reference to Figure 1, the model fitting process with
reference to Figure 7 is applied to each normalised training vector x), j =
1...s. The corresponding set of vectors bi, j = 1...s so produced are
evaluated using equation (36) to produce a set of quality of fit function
values, F =-{fj,j= 1.4 corresponding to the set of normalised training
vectors. The  median, mr, and MAD, 0F, of the set F are computed and
recorded. Using the assumption of a x2 distribution for the function f, any
particular value of the function f defined by equation (36) can then be
converted to a probability using a standard algorithm given by equation
(42) below. where: p = (mFik) x2 (kf/m2, k)(42) k = 2(mF/ty r)2(43) 



27   The resulting probability value can then be compared with a threshold
to determine whether the area of the input image best satisfying the model
satisfies the model sufficiently for it to be concluded that the determined
area of the input image represents an instance of the class of images
represented by the model. Referring now to Figure 10, a training set of
images 20 is shown, corresponding to the training images 2 of Figure 1.
Each of the white squares 21 is a training image. The image portion to be
identified is a circle 22. Although the images are all similar, they are
not identical and vary in detail. For example the thickness of the line
defining the circle varies across the images. The training set of images 20
can be said to represent a range of variation that is acceptable. Within
each image of the training set of images 20, the region corresponding to
the component to be identified (i.e. a circle) is selected as shown by a
light grey box 23 in Figure 10. The identified area of the training set of
images 20 is converted to a set of training vectors. The set of training
vectors is passed to the model building module 1 of Figure 1 and a model 3
is constructed based upon the set of training vectors. Figure 11 shows a
test image 24 to be tested to determine if it is an acceptable image based
upon the model generated from the training set of images 20. The area 25 of
the test image 24 can be seen to differ from all of the training set of
images. It is therefore desired that the image testing module 4 identifies
the test image 24 as not acceptable based upon the training set 20. When
the processing described above is applied to a test vector generated from
the test image 24, the resulting value of the fit function f generates a
probability value below the predetermined threshold, such that it is
determined that the test image 24 does not satisfactorily satisfy the
model. It was explained that the processing of Figure 7 generates a vector
of weights wy, one weight being associated with each element of a processed
test vector (i.e. one weight being associated with each pixel of a test
image). Pixels having a low associated weights are those which deviate most
from the model, and as such useful information can be provided to an
operator indicating which area of the test image is responsible for the
failure of the test image to satisfy the model.  Figure 12 shows output
provided to an operator indicating that pixels 26 are highlighted as being
those which deviate most from the model. Although preferred embodiments of
the invention have been described above it will be appreciated that various
modifications can be made to the described embodiments without departing
from the spirit and scope of the present invention as defined by the
appended claims. In particular, this description is intended to be
illustrative and not restrictive in character.  CLAIMS 



LP     1. A computer-implemented method of generating a model from a set of
images, the method comprising:         processing a plurality of data
items, each data item representing an image of said set of images, to
determine variability between said plurality of data items;
generating model data representing said model based upon said data items
and said variability, wherein the influence of each of said data items upon
the generated model is determined by a relationship between a respective
one of said data items and said variability.  2. A method according to
claim 1, wherein each of said data items comprises a plurality of elements,
wherein said variability comprises, for each particular element of said
plurality of elements, a value indicative of a spread of the particular
element in said plurality of data items.  3. A method according to claim 2,
wherein said value indicative of a spread is a median absolute deviation of
the particular element in said plurality of data items.  4. A method
according to any preceding claim, further comprising:        determining a
difference data item for each data item, each difference data item being
based upon a difference between a respective data item and an average data
item;        wherein the influence of each data item is based upon a
relationship between a respective difference data item and said
variability. 



5. A method according to any preceding claim, wherein each of said
plurality of data items is a normalized data item.  6. A method according
to claim 5, further comprising:        receiving a plurality of initial
data items, each initial data item comprising a plurality of elements;
determining a median value for each element based upon values of that
element in each of said plurality of initial data items.  MCSLLP  7. A
method according to claim 6, further comprising:        determining a
median absolute deviation for each element based upon values of that
element in each of said plurality of initial data items. 8. A method
according to claim 7, further comprising:        processing each element of
a respective initial data item with reference to a respective median value
and median absolute deviation value to determine a normalization factor for
the respective initial data item; and        generating a respective
normalized data item by applying said normalization factor to the
respective initial data item.  9. A method according to any preceding
claim, wherein generating said model based upon said data items comprises
associating a weight with each of said data items, said weights being based
upon said variability. 



10. A method according to claim 9, further comprising computing a weight
for each of said data items.  11. A method according to claim 10, wherein
computing a weight for a respective data item comprises determining a
relationship between the respective data item and an average data item.
12. A method according to claim 11, wherein said average data item is a
median data item.  13. A method according to claim 12, further comprising
determining a value indicating a confidence in each of said data items.
14. A method according to claim 13, wherein the confidence of a respective
data item is based upon the relationship between the respective data item
and the average data item and variability of said data items.  15. A method
according to claim 13 or 14, further comprising generating a probability
distribution from said values indicating a confidence in each of said data
items, and determining a probability value for each of said data items
based upon the generated distribution.  16. A method according to claim 15,
wherein the weight associated with a particular data item is a function of
the determined probability value.  17. A method according to claim 16,
wherein said function provides a first weight value when said probability
is within a first range, and said function returns a weight value in a
second range when said probability is in a second range.  18. A method
according to any one of claims 9 to 17 wherein generating said model
comprises:        determining a difference relationship between each of
said data items and an average data item to generate a plurality of
difference data items; 



applying said weights to said difference data items; and        generating
a matrix indicating how each weighted difference data item varies with
reference to each other weighted difference data item.  19. A method
according to claim 18, wherein generating said model further comprises:
performing eigensystem analysis on said matrix to generate a plurality of
eigenvectors; and creating a matrix containing at least some of said
plurality of eigenvectors.  20. A method according to claim 19, wherein
generating said plurality of eigenvectors further comprises generating a
plurality of eigenvalues, wherein said plurality of eigenvalues are
generated by processing a further matrix, said further matrix being of
smaller size than said matrix.  21. A method according to any preceding
claim, wherein said model is a statistical model. 22. A method according to
claim 21, wherein said model has a form: m + Pb  M CS L L P where m is an
average data item; P is a matrix indicating permissible variation; and b is
an example instance of the model. 



23. A method according to any preceding claim, wherein each data item is a
vector.  24. A method according to any preceding claim, wherein each
element of each data item represents a pixel value  25. A computer program
comprising computer readable instructions configured to cause a computer to
carry out a method according to any preceding claim.  26. A computer
readable medium carrying a computer program according to claim 25.  27. A
computer readable medium storing data representing a model created using
the method of any one of claims 1 to 24.  28. A computer apparatus for
generating a model from a set of images, the computer apparatus comprising:
a memory storing processor readable instructions; and       a processor
arranged to read and execute instructions stored in said memory; wherein
said processor readable instructions comprise instructions arranged to
control the computer to carry out a method according to any one of claims 1
to 24. 


