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Computer-implemented Method for Determining an Affine Transformation

The present invention relates to a computer-implemented method for determining an affine
transformation for transforming a second image so that features of the second image coin-
cide with corresponding features of the first image according to independent claim 1 and a

computing device comprising a processor and a storage device according to claim 15.
Prior art

Image merging or combination is an approach that is commonly applied in the art. For ex-
ample, in the context of user identification, separate images of a user each bearing biometric
features (like minutiae) can be combined so as to more reliably determine the identity of the
user. These approaches, however, usually require high accuracy when taking the images
by a user. This makes these methods less user-friendly and further results in less accurate
user identification or erroneous identifications due to lack of proper alignment of the respec-

tive images.
Problem

Starting from the known prior art, one object of the present invention is to provide a com-
puter-implemented method and a computing system that allows for more user-friendly align-
ment of images taken while at the same time providing high accuracy with respect to the

relative alignment of the images.
Solution

This problem is solved by the computer-implemented method for determining an affine
transformation for transforming a second image so that features of the second image coin-
cide with corresponding features of a first image, according to independent claim 1 and the
computing device according to independent claim 15. Preferred embodiments are covered

in the dependent claims.

According to the invention, a computer-implemented method for determining an affine trans-
formation for transforming a second image so that features of the second image coincide
with corresponding features of a first image is provided, the computer-implemented method

comprising:
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obtaining the second image comprising the features and obtaining the first image compris-

ing the corresponding features;

processing the images by a transformation calculator, thereby determining an indication
whether the affine transformation exists and determining parameters defining the affine

transformation;

outputting the affine transformation, comprising outputting the indication whether the affine
transformation exists and outputting a data structure indicative of the parameters defining

the affine transformation.

The affine transformation can be a general transformation thus comprising parameters de-
fining a stretching and/or rotation and/or shifting of portions of the second image so that
features of the second image would coincide with the features of the first image. Such an
affine transformation, however, only exists if the first image and the second image have
features in common and if the images are taken in a manner that an affine transformation

can be calculated (for example both images are taken with sufficient quality).

By determining whether the affine transformation exists, it is ensured that the parameters
obtained for defining the affine transformation will indeed result in a transformation of the
second image by applying the affine transformation so that the features of this second im-
age coincide with the corresponding features of the first image. While parameters defining
an affine transformation would potentially also be determinable even in cases where an
affine transformation does not exist between the respective images, these parameters
would be highly inaccurate, making the affine transformation usually useless when attempt-
ing to transform the second image so that its features coincide with corresponding features

in the first image.

The indication whether the affine transformation exists can, for example, be obtained based
on the accuracy with which the parameters of the affine transformation can be determined.
For example, as part of a sanity check, after having determined the parameters defining the
affine transformation and their accuracy, it can be determined whether these parameters
are sufficiently reliable (for example have an accuracy of a given minimum value or an as-
sociated standard deviation not exceeding a given maximum value). If so, an indication can
be obtained that the affine transformation exists. If not, the indication can indicate that the
affine transformation does not exist. Additionally, other means of obtaining the indication

can be thought of.
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The computer-implemented method according to the above and any of the below embodi-
ments can preferably be executed on a mobile device, particularly a smartphone or a tablet
comprising at least one, potentially more than one, two or three for example) optical sensors

(cameras) for obtaining the first and second images.

With the computer-implemented method according to the invention, the user is less re-
stricted in how he or she obtains the first and second images as long as some features in
the first and second image are corresponding to each other, irrespective of the relative po-
sition of these features to, for example, an optical sensor obtaining the first and the second
image. By determining an affine transformation that results in a proper transformation of the
second image, it is possible to obtain a combined image from the first and second image

that can later be used for highly accurate user identification.

In one embodiment, the method further comprises modifying the second image using the
affine transformation, thereby obtaining a modified second image and combining at least a
portion of the modified second image with at least a portion of the first image to obtain a

combined image.

The combined image can be a full combination of the first image and the second image
where, in an overlapping region where the features of the second image have correspond-
ing features of the first image, either portions of the first image and/or portions of the second
image are provided. With this, a combined image that comprises more information than
each of the first and the second image in isolation is provided. Biometric information de-
duced from this combined image can be used for identifying a user with high accuracy while

reducing the restrictions to a user for taking the first and the second image.

In one embodiment, the combined image comprises, in an overlapping region of the first
image and the modified second image, a portion of the first image and/or a portion of the

modified second image.

Which of the portions of the first or second image are taken can depend for example on the
quality (like for example the contrast) of the respective portions of the images compared to
each other. It can be preferred that either only portions of the first image or only portions of
the second image are taken by default in the overlapping region or that, depending on other
characteristics like for example the quality referred to above, it is determined which portion

of the first or second image is taken in used in the overlapping region.
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The indication can have a first value if the affine transformation exists and a second value
if the affine transformation does not exist, wherein the first value and the second value are

different from each other.

Particularly, the indication can be a binary value which indicates that the affine transfor-
mation exists if the value is 1 (or 0) or indicates that the affine transformation does not exist
if the value is 0 (or 1). The determination of whether or not the affine transformation exists
can for example depend on a relative or absolute error with which the parameters defining
the affine transformation can be determined. If this error exceeds a particular threshold, for
example, this can be indicative of no affine transformation existing that could transform the
second image so that features of the second image coincide with corresponding features of

a first image.

It can be provided that the transformation calculator comprises a neural network for pro-

cessing the image.

Neural networks are particularly suitable for performing pattern recognition or approxima-
tion. As finding the affine transformation is one specific case of a function approximation or
prediction, neural networks can be employed particularly advantageous in the context of the
present invention not only for reducing the processing time but also for improving the accu-

racy of determining the affine transformation.

The neural network can comprise a feature extraction part that processes the first image
and the second image independently and obtains first image features from the first image
and second image features from the second image and, in the processing order of infor-
mation, the neural network can further comprise a feature processing part that processes
the first image features and the second image features to obtain the data structure and the
indication.

The feature extraction part may particularly be identical for both the first and second image
so that no systematic errors of different size occur when processing the firstimage and the
second image by the feature extraction part separately. The obtained first image features
and the second image features can for example be coordinates of the features in the first
image and the corresponding features in the second image or any other information that

can be used in order to determine the affine transformation.
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The first image features and the second image features are then processed preferably to-
gether by the feature processing part to determine the parameters defining the affine trans-
formation and also the indication.

The errors in determining the affine transformation are further reduced with this architecture.

In one embodiment, the feature extraction part comprises at least one of a depthwise con-
volution, a separable convolution, a two-dimensional convolution, a separable two-dimen-
sional convolution, a depthwise separable two-dimensional convolution. These types of
convolutions are particularly suitable for obtaining, at comparably low size of the architec-
ture of the neural network, the first image features and the second image features from the
first and second images. This can make the method applicable to be provided as application
on mobile devices, like smartphones or tablets, thereby reducing the need for remote con-

nections for processing the images.

In one embodiment, the first image features and the second image features are vectors.

Such vectors can be processed further by the feature processing part in a reliable manner.

The feature processing part can comprise, in processing order as last layers, a reduction
layer reducing a dimension of an input received to 1 and a dense layer, wherein the dense
layer determines, based on input received from the reduction layer, the parameters defining
the affine transformation and the indication.

The reduction layer can comprise exactly one layer or more than one layer. In any case, the
reduction layer processes input received from a preceding layer so that the input is modified
with respect to its dimensionality. This is done by the reduction layer so that the output of
the reduction layer is 1-dimensional so that the dense layer can understand and process
the output of the reduction layer and can determine the affine transformation and the indi-
cation therefrom. Preferably, this reducing of the dimensionality of the input received is per-
formed without information loss. However, the reduction layer is not further restricted as

long as the above functionality is achieved.

The reduction layer may for example comprise a GlobalMaxPooling layer and/or a Glob-

alAveragePooling layer and/or a flatten layer and/or a pointwise convolution.

Layers preceding the reduction layer and the dense layer can for example comprise further
convolutions and/or depthwise separable convolutions or other layers that process the first

image features and the second image features. As the dense layer uses information of all
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neurons or nodes of the reduction layer, the determined parameters defining the affine

transformation are obtained with high accuracy.

It can be provided that, for determining the parameters of the affine transformation, a first

cost function is used and, for determining the indication, a second cost function is used.

The first cost function can for example be or comprise mean absolute loss function or a
mean squared loss function. Such cost functions are particularly advantageous because
they allow for reducing the error in determining the parameters defining the affine transfor-
mation. Independent of how the first cost function is realized, the second cost function can
for example be a binary cross-entropy function. This function allows to provide for a reason-
able output indicating whether or not (i.e. a binary decision) an affine transformation exists.
For the case at hand, namely the question whether the affine transformation exists, such
an approach is most useful as it is not possible for an affine transformation to exist partially
and the decision whether or not such a transformation exists will always be a binary deci-

sion.

Particularly, the first cost function and the second cost function can be different. While it
could in principle be possible to essentially use the same cost functions, using different cost
functions has the advantage of cost functions being chosen that are particularly suited for
the problem to be solved, namely to either determine whether an affine transformation exists

or to determine the parameters defining the affine transformation.

In one embodiment, the first image and the second image are images of an object carrying
a biometric characteristic and wherein the features and the corresponding features are bi-
ometric features of the biometric characteristic. The biometric characteristic can, for exam-
ple, comprise a fingerprint where the biometric features can, for example, be minutiae of
the fingerprint.

With this, the method can particularly be employed in matching and combining images of

biometric characteristics of a user for identification purposes with high accuracy.

In one embodiment, the method comprises, after obtaining and before processing the im-
ages, resizing at least one of the images to a target size. Such resizing can be done before
obtaining the affine transformation while processing so that the affine transformation can be

determined in a reliable way.
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It can be provided that the resizing comprises determining a frequency of the features and/or
a frequency of the corresponding features and resizing the first image and/or the second
image so that the frequency of the features and/or the frequency of the corresponding fea-

tures meets a target frequency.

The frequencies can be obtained by for example fast Fourier transformation and can for
example constitute the frequency of ridges of a fingerprint. Such frequencies can usually be
determined in a highly reliable manner also allowing for neglecting less important frequen-
cies of higher order and for example focusing only on the low frequencies having the highest
impact (depending on their weights for example) so as to reliably determine the necessary

resizing.

Furthermore, according to the invention, a computing device comprising a processor and a
storage device is provided, the storage device comprising computer-executable instructions
that, when executed by the processor, cause the computing device to perform a computer-
implemented method according to any of the above embodiments, wherein, optionally, the
computing device is a mobile device comprising an optical sensor for obtaining the first

image and/or the second image.

The optical sensor can particularly be embodied as at least one camera (or two or more
cameras as available in current smartphones). With this computing device, means are pro-
vided that, for example, allow the identification of a user by images taken from a body part

with high accuracy.

Brief description of the drawings

Figure 1 shows two images that are combined to a combined image using an affine
transformation

Figure 2 shows a flow chart of an embodiment of a method according to the invention

Figure 3 shows a schematic depiction of a neural network employed in embodiments

of the invention
Figure 4 shows a flow chart of a method for training a neural network

Figure 5 shows an embodiment of a computing device
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Detailed description
Figure 1 is provided to give general explanations in the context of the present invention.

In figure 1, two images 101 and 102 of objects 111 and 121 are shown. In the example
shown in figure 1, these objects are fingertips of a user who, for example, wants to identify
him or herself using the fingerprints 112 and 122. These fingerprints 112 and 122 in the
respective images 101 and 102 comprise several features 123 for the fingerprint 122 in the

second image and 113 in the fingerprint 112.

The features 113 and 123 may, for example, be minutiae or other features of the object. In
this context, it is noted that the invention is not limited to the objects being fingers or finger-
tips but can, for example, also encompass the face of the user and/or the iris of the user or
any other objects that comprise biometric characteristics of a user as far as the method
discussed in the following is used to identify a user. However, in the most general context,
the invention is related to two arbitrary images of arbitrary objects that carry particular fea-

tures, are present in both the first and the second image.

Particularly in the context of identifying a user using features of objects like for example the
minutiae 113 and 123, it is preferred that as many biometric features as possible are taken

to identify a user using its biometric characteristic (like its fingerprint).

As the finger usually cannot be photographed using a single image because it is a 3-D
object comprising curvature, it would be necessary to use more than one image (at least
two images in the context of the present invention) to have images with as many biometric
features as possible. However, for reliable identification, it is usually necessary to have a
single image where the respective biometric features are arranged relative to each other as

they are on the actual finger.

In one embodiment of the present invention, it is therefore intended to obtain a combined
image 103 that comprises at least a portion 131 of the first image and at least a portion 132
of the second image and may additionally comprise a portion 133 representing an overlap-
ping portion of the first image 101 and the second image 102. Using the fingerprint as an
example, this combined image 103 comprises a first portion 131 of the first image where
biometric features like the minutiae 113 are present and the combined image 103 comprises
a second portion 132 where biometric features 123 of the second image 102 are present.
In the overlapping region 133, either a portion of the first image or a portion of the second

image or both portions of the first image and portions of the second image can be provided.
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However, in order for the biometric features depicted in the combined image to be arranged
as they are actually arranged on the finger of the user, it is necessary to combine the first
image 101 and the second image 102 in a manner so that their spatial arrangement fits
even though the user may have taken the images 101 and 102 under different angles. This
frees the user from having to photograph his finger under very specific circumstances,

thereby improving the user accessibility.

In order to obtain the combined image 103 it is therefore necessary to identify, based on
features that the first image and the second image have in common, an affine transformation
T that transforms the features of the second image 102 into the corresponding features of
the first image 101.

In this context, it is noted that an affine transformation T that transforms features of a first
image that appear to be present in a second image or vice versa can always be determined
numerically. However, the affine transformation calculated will have limited accuracy and in
cases where it is actually not even possible to find a corresponding affine transformation,
the relative and absolute errors associated with the parameters defining the affine transfor-
mation are very large and therefore the reliability with which the affine transformation results
in a transformation of the features of the first image into corresponding features of the sec-

ond image so that they coincide can be small and thus not suitable for identifying a user.

With the method according to embodiments of the present invention, it is possible to deter-
mine the affine transformation T in a reliable manner, ensuring that this transformation ac-
tually exists. Thereby, it is ensured that the affine transformation that is calculated indeed
results in a transformation of the second image so that features of the second image reliably
coincide with corresponding feature of the first image making it possible to use a combined

image obtained from the first and second image for identifying the user or other purposes.
Figure 2 shows a flow chart of a method 200 according to one embodiment of the invention.

The method begins with step 201 where a first image and a second image of a particular
object are obtained. Step 201 can for example be executed by an optical sensor like a
camera of a smartphone. It can be preferred that all further steps of the method are likewise
executed on the same device that obtained the first and second image in step 201, partic-
ularly all steps of the method 200 are executed on a mobile device like a smartphone or a
tablet where the mobile device can optionally comprise at least one optical sensor, particu-

larly at least one camera to obtain the first and/or second image.
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After having obtained the first and the second image, it is optionally possible that one or
more pre-processing steps 202 are performed on the first and/or second image. Such pre-
processing may, for example, comprise a binarizing (convert the image into a black and
white image) of the first and/second image to make it easier to identify for example relevant
features like biometric features. Alternatively or additionally it may also be part of the pre-
processing to crop the first and/or second images so as to separate those portions of the
first and/or second image that exhibit the relevant features (like for example the biometric
characteristic or the finger of the user) from other portions of the image and only process
those cropped portions instead of the whole images. This can reduce the computational
effort in determining the affine transformation while at the same time achieving reliable re-

sults in determining the affine transformation.
However, step 202 is only optional and does not necessarily need to be provided.

In addition or alternatively to step 202, an optional resizing step for the first and/or second
image can be provided as step 203. Step 203 can comprise resizing the first image and/or
the second image to a particular target size. The same may hold if only portions of the first
and/second images have been cropped in step 202 so that those cropped portions can be
resized. The resizing can be done so that the relevant features (like for example the bio-
metric features) are presented in the to be processed images with a particular minimum

resolution or defined resolution like for example 500 dpi.

In order to achieve this, it can be provided that for resizing the first and/or second images,
a determination of a frequency of the features (like minutiae) and/or a frequency of the
corresponding features in the other image is performed. It is noted that the features based
on which the resizing is performed are not necessarily the same features that are used in

the further process to determine the affine transformation.

Determining the frequency can for example comprise performing fast Fourier transformation
on the features in order to determine their frequency and using those frequencies with the
highest weight (for example the frequencies associated with the two highest weights or the
5 highest weights or only the frequency associated with the highest weight) or frequencies
up to a given threshold to determine the feature frequency. Based on the determined feature
frequency, resizing the first and/or the second image using the determined feature fre-
quency can be performed so that the resized image has a feature frequency that matches

a target frequency. Thereby, an at least approximate matching of the size of the images

10
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and particularly of the size of the features is obtained that can simplify the further processing

resulting in improved accuracy of the affine transformation determined.

According to the invention, in step 204, either the pre-processed and/or resized or the orig-
inal first and/or second images are further processed using a transformation calculator. The
transformation calculator can for example be realized as or comprise a neural network as
will be explained in relation to Figures 3 and 4 or it can be an algorithmic calculator not
using a neural network. In any case, the transformation calculator is used to determine,
from the input (i.e. the first and/or second image potentially pre-processed and/or resized
in steps 202 and 203), an affine transformation that transforms features of the second image

so that these features coincide with corresponding features of the first image.

This affine transformation can generally be represented in the form of a matrix having nine
freely-selectable parameters. These freely-selectable parameters define how the features
in the second image (and consequently the second image) have to be transformed so as to
coincide with the same features in the first image. This does not mean that all features in
the second image must have potentially coinciding features in the first image but that at

least for some of them, such potentially coinciding features exist.

The up to nine freely-selectable parameters that can be set in two-dimensional space when
calculating an affine transformation comprise two translational parameters (movement of
the respective features along two dimensions), two parameters defining mirroring along the
two coordinate axes, two independent parameters defining scaling along the two axes and
two parameters defining sheering along the respective axes. An additional further parame-

ter defines potential relative rotations of the features.

By determining the values of these parameters, the affine transformation is ultimately de-
fined.

However, the affine transformation only exists if the features in the second image and the
potentially corresponding features in the firstimage are visible in the first and second image
and can indeed be translated into each other. If there are fewer features in the first image
and the second image that correspond to each other than there are parameters to be de-
termined (for example only 6 corresponding features while nine parameters need to be de-
termined), for example, it is not possible to determine the affine transformation as the freely-
selectable parameters can not be determined without having the coordinates of at least nine

features existing in the first image and the second image.

11
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Moreover, the first image and the second image must have sufficient quality so as to allow
for actually identifying the respective features and determining the respective parameters

of the affine transformation with sufficient accuracy.

Therefore, as part of step 204, the transformation calculator does not only determine the
parameters of the affine transformation but also determines an indication of whether or not
the affine transformation actually exists. This indication can for example be a binary value
that can be obtained from error margins calculated for the determined parameters of the
affine transformation. If these exceed a particular threshold, for example, the transformation
calculator can conclude that even though parameters defining an affine transformation have
been determined, they are so unreliable that it is more likely that no affine transformation
exists. The indication can particularly be a value of O (or 1) if the affine transformation exists
and 1 (or 0) if no affine transformation exists. As the decision of whether or not an affine
transformation exists is a binary decision, providing a one-bit indicator is sufficient for this
indication.

Having determined in step 204 the affine transformation and the indication, in step 205, the
affine transformation (potentially together with the indication) can be output for further pro-
cessing. Outputting in this context does not require displaying the affine transformation but
at least requires outputting the affine transformation (or the parameters defining the same),

potentially together with the indication to another portion of software.

If the affine transformation exists (261), then this affine transformation can be used to create
a combined image as was explained in relation to Figure 1. This can be done in step 262.
Having obtained the combined image, the combined image can be used in step 263 option-
ally for performing any other action. This action may for example comprise using the com-
bined image for identifying a user for example during a log-in procedure that either takes
place locally on the device carrying out the method (like the smartphone discussed above
already) or that takes place remotely. It the latter case, it can for example be provided that
the combined image is sent to an identification server for identifying the user based on the
biometric features visible in the combined image. As the accuracy with which the combined
image is obtained by using the affine transformation is high, the reliability of the identification

process will also be high.

If it is determined based on the indication that the affine transformation does not exist in
step 271, then the method can end 272. Ending the method in step 272 can either comprise

completely aborting any further processing or it can comprise providing an indication to a

12
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user of the device (for example by displaying information our outputting an acoustic signal)
that the method 200 is to be repeated by taking new first and second images, thereby re-
turning to step 201 and performing the method 200 again.

As already explained above, the transformation calculator used can either be an algorithmic
or deterministic transformation calculator that does particularly not employ a neural network
or the transformation calculator can comprise a neural network that processes the input (the
first and second image or the respective processed images according to steps 202 and/or

203) in order to determine the affine transformation.

Algorithmic or deterministic transformation calculators are in general known to the skilled
person in general and will not be explained further in the following. However, for achieving
high accuracy in determining the affine transformation, a particularly designed and trained

neural network can be used, as will be explained in relation to Figures 3 and 4.

In Figure 3, a schematic depiction of a neural network 300 according to one embodiment is
shown. This neural network 300 may be employed as transformation calculator or part of

the transformation calculator.

In the processing order of information through the neural network 300 (shown from left to
right in figure 3), the neural network comprises a feature extraction part 301 and a feature
processing part 302. It is noted that the description below assumes, for ease of understand-
ing, basically, that the neural network comprises a single channel. However, it is clear to
the skilled person that the neural network will include a plurality of channels and the output
of layers of the neural network will generally be a tensor having a size MxNxC with C de-
noting the number of channels and N and M, basically, corresponding to or depending on

the size of the input image.

The feature extraction part 301 receives the two images 331 and 332 based on which the
affine transformation is to be obtained. These can either be the obtained first and second
images according to step 201 of Figure 2 or for example pre-processed and/or resized im-

ages according to steps 202 and 203.

In the feature extraction part 301, these images are processed independently to obtain first
image features 341 and second image features 342 which may, for example, be represent-
able in the form of a vector or matrix containing information at least on the features and the
corresponding features in the first and second images. Particularly, the first and second

image features may define locations in the first and second image, respectively, where the

13
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features are positioned. For example, the first and second image features may comprise
entries for each pixel in the respective image defining the coordinates of the pixel and a
label identifying to which feature the pixel belongs or whether it does not belong to one of
the features at all. Generally, such image features can be provided for separate channels
or the image features for the channels of each image can be stacked to a single image

feature of the respective image.

The feature extraction part can generally be any part of a neural network comprising arbi-
trary layers. However, it has been found that convolutions and particularly depthwise con-
volutions making up the feature extraction part are most advantageous particularly in terms
of size of the neural network 300, allowing for implementation and execution of the neural
network on a mobile device only. Instead of a depthwise convolution, also other realizations
can be advantageous, including any of a separable convolution, a two-dimensional convo-

lution, a separable two-dimensional convolution, a depthwise two-dimensional convolution.

In any case, the output of these layers to a penultimate layer of the neural network (as will
be discussed further below) will be a tensor of dimension MxNxC with C denoting the num-

ber of channels of the neural network.

The feature extraction part is however not limited to a particular number of convolutions.

Preferably, there are at least two convolutions 311 and 312 but more are possible.

The neural network 300 further comprises, as mentioned above, the feature processing part
302. The feature processing part 302 receives from the feature extraction part 301 the first
image features 341 and the second image features 342 and is designed to simultaneously
process these image features 341 and 342 to thereby determine the affine transformation

and the indication of whether or not the affine transformation exists as output 350.

In order to do so, the feature processing part comprises, in processing order of the first and
second image features through the feature processing part, preferably at least a penultimate
layer that is realized as a reduction layer 322 and a last layer that is realized as a dense
layer 323. The reduction layer reduces the dimensionality of the input received from a gen-
eral tensor having dimension NxD (where N can constitute a matrix or tensor or vector) to
1xD, preferably without information loss. This can be achieved by realizing the reduction
layer as a layer that rearranges the elements of the NxD tensor received as input so that an
output of the reduction layer has dimension 1xD. Generally, such layers are known and can

comprise, for example, a GlobalMaxPooling layer and/or a GlobalAveragePooling layer

14
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and/or a flatten layer and/or a pointwise convolution. While other realizations are possible,
this is the most preferred realization where the dense layer predicts or determines the pa-

rameters defining the affine transformation and also determines the indication.

The feature processing part may further comprise one or more preceding layers 321 before
layers 322 and 323 that process the first and second image features and may for example

be realized as convolutions as well.

It can be provided that during the processing of the first and second image features in the
feature processing part, cost functions are employed that are optionally different with re-
spect to determining the parameters defining the affine transformation and determining the
indication whether the affine transformation exists. In one preferred embodiment, the cost
function used for determining the parameters defining the affine transformation comprises
at least one of a mean absolute loss or a mean squared loss function as these functions
can be used to determine the parameters of the affine transformation with high accuracy.
For determining the indication, a binary cross entropy function can be used which can be
designed to output a binary value (i.e. either 0 or 1) and is therefore most suitable for provid-
ing an indication on the binary decision on whether or not an affine transformation actually

exists.

The above-described network architecture is particularly advantageous as it can reliably
determine whether the affine transformation exists and, if so, a highly accurate affine trans-
formation can be obtained as output 350 so as to use the affine transformation further for

example in additional actions like the actions described in relation to step 263 of Figure 2.

Preferably, the neural network 300 is a trained neural network so that when employed on
the mobile device it can perform its function of determining the affine transformation and the
indication as output 350 upon receiving the respective input images 331 and 332 without

requiring further training.

For training the neural network 300 and particularly training the network parameters of all

layers of the neural network, a training method as the one described below can be used.

Figure 4 shows a flow chart of a method for training a neural network like for example the

neural network 300 of Figure 3.
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As there is currently no publically available database existing that would provide images of
objects where particular features partially overlap and that have particular features in com-
mon (like for example fingers photographed under different angles showing at least partially
overlapping areas), the now-described method provides such images in a creation step of
the training method. With this approach, it is not only not necessary to rely on existing da-
tabases but the training can be rendered more efficient because the affine transformations

are precisely known.

The method 400 begins with step 401 comprising obtaining an image. Obtaining an image
particularly may comprise obtaining an image of an object that has particular features like

for example a finger or a fingertip where the features may minutiae.

In step 402, the image can be separated into distinct portions or, also referred to a first
image and a second image, where these terms are only used for ease of understanding in

view of what has been described previously.

The separated portions or first and second images according to step 402 do at least partially
overlap, i.e. part of the distinct portions is identical. For example, taking an image of a fin-
gertip in step 401, it may be separated into distinct portions by separating the fingertip in
half along a particular line. The part of the image that is on the left of the line may constitute
the first image and the part of the image on the right may constitute the second image. This
first and second image have no parts in common. In addition to that, an overlapping region
may then be added to each image by adding, to the firstimage, 10% or 20% or more (pref-
erably up to no more than 50%) of the second image and vice versa. Thereby, the first and
second images thusly created comprise portions that are distinct from each other and por-
tions that are identical to each other, representing an overlapping area of the respective

images.

In step 403, an affine transformation is applied to at least one of the portions or images
created in step 402. Without loss of generality, however, and in view of processing effi-
ciency, it can be assumed that an affine transformation is only applied to the second image.
The affine transformation is preset and known and can have arbitrary values for the freely-
selectable parameters of the affine transformation (up to nine independent parameters). For
training the neural network, it is, however, basically irrelevant how the affine transformation
is set as long as it is assured that preferably not always the same parameters of the affine
transformation are used when the procedure described in the following is executed repeat-

edly so as to train the parameters of the neural network. Thereby bias can be avoided.
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After step 403, there are thus two images where one of the images constitutes a first image
and the other image constitutes a second image where the first and second image have
features in common but the second image has undergone an affine transformation and was,

for example, tilted or stretched along one direction.

In step 404, these first and second images are provided to a neural network. The neural
network (for example the neural network described in relation to Figure 3) then processes
the first and second image in an attempt to determine the inverse affine transformation that
is inverse to the affine transformation previously used to create the second image and an

indication of whether the affine transformation exists.

Determining the inverse affine transformation means that the neural network attempts to
find an affine transformation T-" that modifies the second image so that the product of trans-
formations T-'A = 1, where A is the affine transformation used in step 403 and 1 is the
identity in the space of T-' and A. Applying these transformations to for example image
features f represented in the form of a general matrix of appropriate size, this will result in
the image features f that equal the application of the affine transformation to the original
features o, Ao=f being transformed so that the original features are obtained, because T-'f=
T-'Ao=0. The transformation applied in step 403 would thus ideally be reversed by the neu-

ral network by determining the inverse affine transformation.

Upon determining the parameters of the affine transformation in step 405, it can be checked
whether the affine transformation output by the neural network (and also the indication of
whether or not the affine transformation exists) is correct or within a failure tolerance. If it is
determined that the affine transformation is correct in step 461 (preferably after having cor-
rectly determined the affine transformation for all images in the training set at least once
with the same set of parameters of the neural network), the parameters of the neural net-
work that lead to this result can be fixed and the neural network can for example be trans-

ferred to a mobile device for further use in the sense of the method described in Figure 2.

If, on the other hand, it is determined that the affine transformation is not correct in step 471
(the usual case during learning or training of neural network), the neural network parameters
can be modified (for example based on the results achieved using the respective cost func-
tions) and a new run of the training, i.e. steps 401 to 405 can be done, starting either from
the same image and the same transformation or using a new image and/or a new transfor-
mation. Once a steady state of the neural network is reached, i.e. the parameters correctly

determine the affine transformation within an allowable error margin for all images used as
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the training set, the neural network parameters can be fixed in step 462 and the neural

network can be used in the further processing of images for example on a smartphone.

Figure 5 exemplarily depicts a computing device 500 with which any of the above embodi-

ments can be realized.

The computing device 500 comprises at least a processor 501 and an associated storage
device (for example a hard drive or flash memory). The storage devices comprises at least
executable instructions that, when executed by the processor 501, cause the processor to
execute a method as the one described above in relation to Figures 1 and 2. Potentially, it
can also be provided that the computing device is adapted to train a neural network as
described in relation to Figures 3 and 4 until the parameters of the neural network are fixed
and it can be further used on the computing device for determining affine transformations
for transforming a second image so that features of the second image coincide with corre-
sponding features of the first image and/or to obtain a combined image as described in any

of the above embodiments.

Optionally, the computing device 500 may comprise an optical sensor 503 for obtaining the
first and second image. The images obtained by the optical sensor 503 (like a camera) can
then be provided to the storage device and further processed according to any of the above
embodiments. Alternatively or additionally, the element 503 may be or may comprise a re-
ceiver for receiving data from a remote data source, for example via the internet. For exam-
ple, the computing device can receive, from an image source, the first and second image

for further processing as described above.
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CLAIMS

A computer-implemented method for determining an affine transformation for trans-
forming a second image so that features of the second image coincide with corre-

sponding features of a first image, the computer-implemented method comprising:

obtaining the second image comprising the features and obtaining the first image

comprising the corresponding features;

processing the images by a transformation calculator, thereby determining an indica-
tion whether the affine transformation exists and determining parameters defining the

affine transformation;

outputting the affine transformation, comprising outputting the indication whether the
affine transformation exists and outputting a data structure indicative of the parame-

ters defining the affine transformation.

The computer-implemented method according to claim 1, the method further compris-
ing modifying the second image using the affine transformation, thereby obtaining a
modified second image and combining at least a portion of the modified second image

with at least a portion of the first image to obtain a combined image.

The computer-implemented method according to claim 2, wherein the combined im-
age comprises, in an overlapping region of the first image and the modified second

image, a portion of the first image and/or a portion of the modified second image.

The computer-implemented method according to any of claims 1 to 3, wherein the
indication has a first value if the affine transformation exists and a second value if the
affine transformation does not exist, wherein the first value and the second value are

different from each other.

The computer-implemented method according to any of claims 1 to 4, wherein the

transformation calculator comprises a neural network for processing the image.

The computer-implemented method according to claim 5, wherein the neural network
comprises a feature extraction part that processes the first image and the second
image independently and obtains first image features from the first image and second

image features from the second image;
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in the processing order of information, the neural network further comprising a feature
processing part that processes the firstimage features and the second image features

to obtain the data structure and the indication.

The computer-implemented method according to claim 6, wherein the feature extrac-
tion part comprises at least one of a depthwise convolution, a separable convolution,
a two-dimensional convolution, a separable two-dimensional convolution, a depthwise

two-dimensional convolution.

The computer-implemented method according to claim 6 or 7, wherein the first image

features and the second image features are vectors.

The computer-implemented method according to any of claims 6 to 8, wherein the
feature processing part comprises, in processing order as last layers, a reduction layer
reducing a dimension of an input received to 1 and a dense layer, wherein the dense
layer determines, based on input received from the reduction layer, the parameters

defining the affine transformation and the indication.

The computer-implemented method according to any of claims 1 to 9, wherein, for
determining the parameters of the affine transformation, a first cost function is used

and, for determining the indication, a second cost function is used.

The computer-implemented method according to claim 10, wherein the first cost func-

tion and the second cost function are different.

The computer-implemented method according to any of claims 1 to 11, wherein the
first image and the second image are images of an object carrying a biometric char-
acteristic and wherein the features and the corresponding features are biometric fea-

tures of the biometric characteristic.

The computer-implemented method according to any of claims 1 to 12, wherein the
method comprises, after obtaining and before processing the images, resizing at least

one of the images to a target size.

The computer-implemented method according to claim 13, wherein the resizing com-

prises determining a frequency of the features and/or a frequency of the correspond-

20

PCT/1B2024/062485



15.

WO 2025/126056 PCT/1B2024/062485

ing features and resizing the first image and/or the second image so that the fre-
quency of the features and/or the frequency of the corresponding features meets a

target frequency.

A computing device comprising a processor and a storage device, the storage device
comprising computer-executable instructions that, when executed by the processor,
cause the computing device to perform a computer-implemented method according
to any of claims 1 to 14, wherein, optionally, the computing device is a mobile device

comprising an optical sensor for obtaining the first image and/or the second image.
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