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Abstract

For augmentation of the square-shaped image data of a convolutional neural network (CNN),
we introduce a new method, in which the original images are mapped onto a disk with a
conformal mapping, rotated around the center of this disk and mapped under such a Mobius
transformation that preserves the disk, and then mapped back onto their original square shape.
This process does not result the loss of information caused by removing areas from near the
edges of the original images unlike the typical transformations used in the data augmentation
for a CNN. We offer here the formulas of all the mappings needed together with detailed
instructions how to write a code for transforming the images. The new method is also tested
with simulated data and, according the results, using this method to augment the training
data of 10 images into 40 images decreases the amount of the error in the predictions by a
CNN for a test set of 160 images in a statistically significant way (p = 0.0360).
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1 Introduction

A convolutional neural network (CNN) is a type of deep learning technique that is well
suited for processing images. It receives image data in a matrix format so that each element
of the matrix corresponds to the value of one pixel in the image and then transforms this
input through several layers by taking into account the spatial relationships between the data
points. The CNNs have been noted to be very useful in different areas of research but training
even a single CNN often requires a large number of labeled images, which can sometimes
be difficult to obtain.

One possible solution to this problem is using data augmentation, which means that the
amount of existing data is multiplied using simple transformations to create new, slightly
different versions of images. Typical transformations used for this purpose are rotations,
reflections, and translations but they do not suit for all types of data. Namely, if the image is
square-shaped, creating a new version of it with a translation always crops out some areas
from the image close to its edges and there are only seven new images that can be created
with such a rotation or a reflection that fully preserves the original square. Clearly, the issue
would not be encountered if the images given to the CNN would be disk-shaped but this is
rarely the case.

However, according to the Riemann mapping theorem from classical function theory,
any simply connected proper subdomain of the complex plane can be mapped onto the unit
disk with a conformal mapping and, in particular, a conformal mapping called a Schwarz—
Christoffel mapping can be used to map a two-dimensional disk onto the interior of a simple
polygon (Driscoll and Trefethen 2002). Conformal mappings are much studied in complex
analysis because they have many desirable properties such as preserving the magnitudes
and directions of angles between curves even though they can turn straight line segments
into circular arcs and vice versa. Furthermore, another subtype of conformal mappings are
Mobius transformations which can be defined so that they map the interior of a disk onto itself
but still significantly transform its contents. While conformal mappings could potentially be
utilized in image data augmentation, their formulas are generally quite complicated and
require integration of complex valued functions that cannot be computed directly with the
existing functions in common programming languages.

In this article, we study if image augmentation can be performed by first mapping each
square-shaped image onto a disk with a conformal mapping, then applying such rotations and
Mobius transformations that preserve this disk, and finally mapping the resulting images back
onto their original square shape. First, in Sect. 2, we present the usual formulas of conformal
mappings and other mathematical theory needed. In Sect.3, we show how these mappings
can be written in Python or other programming languages and how images can be mapped
with them. In Sect. 4, we test this method with one simple example about a CNN predicting a
simulated data set. All the codes written in Python and MATLAB are also publicly available
so the readers can access to these codes.

2 Preliminaries
Let G be the interior of the square with the vertices 1 +1i, —1 +1i, —1 —1i, 1 — i. In other

words, define G = {z e C| — 1 < Re(z) < 1, —1 < Im(z) < 1}, where C is the complex
plane. Denote the unit disk {z € C | |z| < 1} by B2.
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Consider the complete elliptic integrals of the first kind /() and X'(r) defined for r €
(0, 1) by Anderson et al. (1997), Olver et al. (2010)

K'@r)y=K@G"), r=+v1-—r2 2.1)

! dt
Kr) = / )
0 V(1 —12)(1 —r2?)
In many references, the complete elliptic integrals of the first kind /IC(r) are defined asin (2.1),
see e.g., Bateman and Erdelyi (1953); Dalichau (2006); Kythe (2019). However, in this paper,
we will use the notations used in Abramowitz and Stegun (1972). Thus, the complete elliptic
integrals of the first kind are defined by Abramowitz and Stegun (1972, p. 590)

1
mmzf d LK m) = K(my), 22)
0 V(I =21 —m?)

where m = r% € (0, 1) and m; = 1 — m. The incomplete elliptic integral of the first kind is
defined by Abramowitz and Stegun (1972)

/w do /Siw dr

o Vicmsinze o JA-A—m)’
and then C(r) = F(m/2, m). See Abramowitz and Stegun (1972), Anderson et al. (1997),
Bateman and Erdelyi (1953), Dalichau (2006), Kythe (2019) for more information.

The Jacobian elliptic functions can be defined with the help of the incomplete elliptic
integral (2.3) (see Abramowitz and Stegun 1972, Ch. 16). If

F(p, m) 2.3)

¢ do
¢ = T
0 v1—msin“6
then the angle ¢ is called the Jacobi amplitude and we write
(;) = am(¢’ m)'
The Jacobian elliptic functions are defined by
sn(¢, m) =sing, cn(p,m) =cose, dn(p,m)=+/1—msn2(¢,m). 2.4)

The exact conformal mapping from the square region G and its inverse can be written
in terms of the elliptic functions and the incomplete elliptic integral. It follows from Kober
(1957, p. 182) and Kythe (2019, p. 242) that the conformal mapping f from the domain G
onto the unit disk B2, f : G — B2, is given by

1 sn(ﬁLz, m)

7) = i , e G, 2.5
f( ) ﬁe1n/4 dn(ﬁL Z, m) ( )
where
1 1 1 :
"= A m=ﬂ=§,L=§UMJ“. (2.6)

Note that C(m) = K(1/2) = F(1/4)2/(471) (see Anderson et al. 1997, (3.19), p. 51). Then,
it follows from (2.4) and (2.5) that the inverse of this mapping, f~' : B2 - G,is given

» 1 N ,
= F , , B-, 2.7
= (m ")oee D
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which is a conformal mapping from the unit disk B2 onto the square domain G.
Denote the extended complex space by C = C U {oo} and choose some « € B2. Define
the Mobius transformation g : C — C,

I—o
8@)=—=, z€C, (2.8)
1 —oz
where « is the complex conjugate of . This mapping g fulfills 2(B?) = B2, g(a) =0, and
g(0) = —a, which means that it preserves the unit disk B> but is not an identity mapping as
long as o # 0.

Finally, we define formally the rotation about the origin for an angle k € [0, 27) as
v:C—>C,

v(z) = zeM, zeC. (2.9)

Figure 1 represents visually how the functions f, g, and v and the inverse function f~!
affect the shape of an image, when g and v are defined with constants « = 0.3 4 0.3i and
k = m /3, respectively.

3 Code

Computing the mapping function f by (2.5) and its inverse function f~! by (2.7) requires
computing the Jacobian elliptic functions sn(¢, m) and dn(¢, m) for complex ¢ as well as
computing the incomplete elliptic integral F (¢, m) for complex ¢. Thus, the function f and
its inverse function f~! cannot usually be computed directly from their definitions (2.5)
and (2.7) in the code because the functions used to evaluate the elliptic integrals are not
defined for complex numbers in many programming languages. For instance, the complete
elliptic integral IC(m), the incomplete elliptic integral F (¢, m), as well as the Jacobian elliptic
functions sn(¢, m), cn(¢, m), and dn(¢, m) can be computed for real arguments, with the
functions e11ipk, ellipkinc,and ellipj of the subpackage special of the package
Scipy Virtanen et al. (2020) in Python. Therefore, in this paper, we will use the properties
of the Jacobian elliptic functions and the incomplete elliptic integral to compute their values
without the need to compute elliptic integrals of complex variables. For example, the functions
sn(z, m) and dn(z, m), for a complex variable z = x + iy where x and y are real variables,
can be computed using the following formulas (Abramowitz and Stegun 1972, §16.21.1):

sod; +1codpsicy

sn(z, m) = B — 3.1
dnz. m) = doc1d; _;MSOCOS] ’ (3.2)
where
so = sn(x,m), co=cn(x,m), dy=dn(x,m),
st =sn(y,1 —m), cy=cn(y,1 —m), dy=dn(y,1—m),
and

s = c% + ms(%slz.
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(A) Original line image (B) Image after the mapping f

() Tmage after f~ovogo f

Fig.1 Animage of parallel line segments before and after different mappings, including the conformal mapping
f from the original square onto the unit disk, the Mobius transformation g defined with « = 0.3 4+ 0.3i, a
rotation v with k = /3, and the inverse mapping f -1

Similarly, for a complex variable z = x + iy, the incomplete elliptic integral F(z, m) can
be computed by Abramowitz and Stegun (1972, §17.4.11)

F(z,m) = F(x +1iy,m) = F(x1,m) +1F(y1,m1), (3.3)
where x| and y, are real variables such that X = cot? x; is the positive root of the equation

X% — (cot*(x) + m sinh?(y) csc? (x) — m1) X — my cot?(x) = 0, (3.4)
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and tan® y is given by
tan® v = (tanzxcotz(xl) — 1) /m. 3.5)

Note that, if b = — (cot?(x) + m sinh?(y) csc?(x) —m1) and ¢ = —m; cot?(x), then ¢ < 0
and hence \/b%/4 — ¢ > b/2. Thus, we have

cot? x; = —b/2 + /b2 /4 —c. (3.6)

Denote below the floor and the ceiling functions with floor() and ceil(). Then, the values of
x1 and y; can be computed from (3.6) and (3.5), respectively, through (see Moiseev 2008)

x1 = sign(cot(x))

cot™! \/—b/2+,/b2/4—c+nceil(x/n —0.5), 3.7

y1 = sign(y) tan”'
\/(tanzx cot?(x1) — 1) /m. 3.8)

At the beginning of the code, fix the constants », m, and L as in (2.6). The conformal
mapping f from the square G onto the unit disk can now be written with the following
pseudo-code.

define f(z) :
#input: a complex number z with Re (z), Im (z) € [-1, 1]

#output: a complex number w with |w| < 1
z=V2Lz
x=Rez; y=Imz
so = sn(x,m), co=cn(x,m), dy=dn(x,m),
s;t=sn(y,1 —m), cy=cn(y,l —m), dy=dn(y,1—m), (3.9
= c% + ms(%slz
sni = (sod; +1icodosic1)/$
dni = (doc1dy — imsocos1) /8
_ sni
— J2emi/4 dni
return(w)

Finding the inverse mapping f ! requires solving the quadratic equation (3.4). The more

unusual trigonometric functions such cot or csc and their inverses are in the package sumpy
in Python. Note also that the parameter € can be chosen to be any small positive number.
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define f_l(z) :
#input: a complex number z with |z| < 1
#output: a complex number w with Re (w), Im (w) € [—1, 1]
\fzeﬂiMZ
VI+22
7 = arcsin(Z)
x=Rez; y=ImZz, e =0.00001

#To avoid singularity of cot(x) at zero add €

2:

if|x] <e:
xX=c€
# Find the roots of the equation (3.4)

b = — (cot’(x) + msinh?(y) csc?(x) —m1); ¢ = —m cot*(x)

Xi= b2t \/m (3.10)
x| = arccot(\/Xil)
if X tan?(x) < 1:

=0

else :

y1 = arctan <\/(X1 tanZ(x) — 1) /m)

# Change of variables taking into account the periodicity ceil to the right

x1 = (—Dfloor(2x /m)x1 + meeil(x/r — 0.5+ ¢€); y; = sign(y)y;
Fi=F(x1,m); F>=F(y;,1—m)
w = (Fi +1F)/(V2L)

return(w)

After writing the functions f and f ~1 with the pseudo-codes (3.9) and (3.10), they can
be tested by choosing a random number z from the square G, computing w = f(z) and
7/ = f~Y(w), and printing the difference z — z’, which should be very close to zero.

An image can be mapped conformally onto a disk with the function squareToDisk pre-
sented in (3.11). First, suppose then that there is a square matrix called img which can be
read as a square-shaped grayscale image by choosing the color of each pixel according the
corresponding element in img. Let /& be the number of rows or columns in the matrix img,
imgH a vector containing & evenly spaced points in the interval [—1, 1], and u the distance
between two adjacent points in imgH. Then we initialize the new image img by creating
a zero matrix of the same size as img. After that, we create a loop that goes through each
element of img and expresses it as a point z € G with the help of the vector imgH. If the point
z belongs to the unit disk, we use the inverse mapping f ! to find the point w in the square G
that becomes z when the domain G is mapped conformally to the unit disk with the mapping
f. For this point w, we find such points jo, ko € (0, 1,...,h — 1) and ji, k1 € [0, u) that
w = jo + j1 + (ko + k1)i, which gives us also the closest four points to w that correspond
to the pixel locations of the original image matrix img and the distances between w and
these locations. Finally, we compute the values of the pixel at the point w using the weighted
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means of the four surrounding pixels and, since z = f(w), we have the value of the pixel at
the point z in the unit disk. In the pseudo-code below, v[i] refers to the (i + 1)th element of
the vector v as the indexing starts from O.
define squareToDisk(img) :
#input: a square-matrix img presenting some image
#output: a square-matrix imgl containing the transformed image like Fig. 1B
h = dim(img)[0]
2
imgH=——@0,1,....hA—1)—(1,...,1)
h—1
u = imgH[1] — imgH[0]
imgl = Odim(img)
for jin (0,1,...,h—1):
forkin (0,1,...,h—1):
z = imgH[j] + imgH[kJi (3.11)
if|z] < 1:
w= 1"
Jjo = floor((Re(w) + 1) /u)
J1= Re(w) +1)/u — jo
ko = floor((Im(w) + 1) /u)
ki = (Im(w) + 1)/u — ko
imgl[j, k] = jikiimg[jo, ko]l + (1 — ji)kiimg[jo + 1, ko]+
J1(1 = ky)img[jo, ko + 11+
(1 = j)(d — kp)imgljo + 1, ko + 1]
return(imgl)

The function in (3.11) returns such an image matrix that has the original image mapped
onto the largest possible disk fitting inside the square-shaped image matrix, and the other
values outside this disk are zeroes. Note that this function can be extended for also color
images of RGB or another similar format by just computing the weighted means for the
values of each color channel at the end of the loop. Similarly, by replacing the inverse
function f~! with either the Mdbius transformation g of (2.8) or the rotation v of (2.9), we
can map the input image so that the part inside the disk is transformed. To create the function
that conformally maps the interior of this disk in the square-shaped image matrix onto the
whole matrix, we just need to remove the condition |z| < 1 and replace w = f~!(z) by

w = f(z) in the code (3.11). Alternatively, we can use for instance the composed mapping
w=(flovogo ) l(z) = f_1 o g ov o f(z) to obtain the image of Fig. 1E.
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Fig.2 Animage withn =7
disks and three augmented
versions of this image that have
been created with the composed
mapping f_1 ovogo f,where
the mappings f, g, v are as
(2.5)—(2.9) for the specified
choices of o and k

(A) Original image

(B) Augmented ver-
sion with o« = 0.1 +
0.1i and k = 7/3

(c) Augmented ver-
sion with a = 0.1 +
03iand k=7

(D) Augmented ver-
sion with o = 0.3 +
0.3i and k = 37/2

4 Experiment

Here, we build a CNN for predicting how many small black disks an otherwise white image
contains. We use Python (version: 3.9.9) (van Rossum and Drake 2009) with packages Ten-
sorFlow (version: 2.7.0) (Abadi et al. 2015), Keras (version: 2.7.0) (Chollet et al. 2015), and
SciPy (Virtanen et al. 2020) (version: 1.7.3).

4.1 Data

The data set consisted of a collection of images from one to ten black disks on white back-
ground and an explaining variable containing the correct number of disks for each image.
Foranumbern =1, ..., 10, a single image was created by first initializing a 300 x 300 null
matrix corresponding to the domain G, choosing n centers c; € [—0.7,0.7] x [-0.7,0.7]
such that min; xeq1,...,10){lc; — cx|} > 0.4 and n radii R; € [0.1, 0.17], and changing each
element of the matrix from O to 1 if and only if the distance c; was less than R; for some j.
Out of 170 different images, 10 were included into the training set and the rest 160 into the
test set. Augmented version of the training set with 40 images was then created by adding
three versions of each image in the original training set by mapping them with the com-
posed mapping f ' o v o go f, where f, g, v are as in (2.5)—(2.9) for « = 0.1 4+ 0.1i and
k=mn/3,a=0.1+0.3iand k = x,and « = 0.3 + 0.3i and k = 37 /2, as shown in Fig.2.
We also created another augmented training set of 40 images using rotations of k degrees,
k € (—15, 15). The final images were scaled to the size of 128 x 128 pixels.
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4.2 Convolutional neural network

The CNN used here is the same as in Hellstrom et al. (2023). It is based on the U-Net archi-
tecture introduced in Ronneberger et al. (2015), which is commonly used in segmentation of
medical images. While a typical U-Net contains first an expanding path and then a contract-
ing path to perform the segmentation, our CNN only has the contracting path after which it
returns a single numeric value. The contracting path consist of four sequences, each of which
contains two convolutions and one pooling operation, and, after that, there are four dense
layers. The activation function of the last layer is a linear function and, for all the other layers,
the ReLu function is used. The CNN was trained on 130 epochs for the non-augmented data
set and two augmented data sets using Adam as the optimizer, the mean squared error (MSE)
as the loss function with learning rate of 0.001, and validation split of 30%.

4.3 Methods

The CNN is first initialized, trained with the non-augmented data set, and used to predict
the values of the test set. Then we compute the squared error between the predicted number
of disks and the real number of disks for each image of the test set. After that, the CNN is
re-initialized to its initial state and the experiment is re-run using the augmented training data
sets instead. The three methods are compared by computing the MSE as the mean value of
the squared errors and, to see if the differences in these means are statistically significant or
not, the Student’s 7-test is performed for the distributions of the squared errors.

4.4 Results

The MSE of the predictions of the test set was 1.742 when the CNN was trained for the
data augmented using conformal mappings. The corresponding MSE was 2.381 for non-
augmented data and 2.095 for the data augmented with just rotations. According the Student’s
t-test between the squared errors of the predictions from the non-augmented and the aug-
mented model, the difference between the MSEs was statistically significant with a p-value
0.0360. However, the difference between two different augmentation types was not statis-
tically significant (p = 0.196). Pearson’s correlation coefficient was 0.884 between the
predictions on the test set by the non-augmented CNN and the real numbers of disks, 0.883
for the rotation augmentation, and 0.924 for the conformal mapping augmentation (Fig. 3).

5 Discussion

First, it must be noted that the experiment above is very simplified example and better results
could be obtained by building a suitable algorithm instead of using a CNN. However, there are
numerous practical reasons why a CNN that recognizes certain unusual disk-shaped areas are
useful. In fact, this experiment was inspired by the CNNs detecting tumors from tomography
images of cancer patients in Hellstrom et al. (2023), Liedes et al. (2023), Rainio et al. (2023).

It also should be taken into account that this method is quite complicated and designed
for situations where the typical transformations cannot be used. For instance, if some of
the disks would be so close to edges of the images in our experiment that they would be
cropped completely or partially out when the square-shaped images are directly rotated and re-
calculating their number is not possible, using this new method rather than the usual rotation
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10 1

2 4 B 8 10

Fig. 3 The predictions of the augmented CNN against the real values of the test set with the least squares
regression line. The slope of the line is 0.793 and the intercept is 1.846. The correlation between the predictions
and the real values is 0.924

is justified. The rotation used as a comparison augmentation method in our experiment did
not crop the images but rather included more background. Given how commonly CNNs are
used nowadays, there are likely many practical examples of cases where information could
be lost if the typical rotation is used. Note that these mappings can be also extended to map
any rectangle-shaped image into a disk or vice versa because the rectangle can be very easily
stretched into a square.

Another reason for using this method is wanting to utilize the properties of the Mobius
transformation in particular. Because of this mapping, the images change in more complicated
ways under this augmentation method than they do in simple rotations. We can see that the
right-most disk in Fig. 2D is larger than any of the disks in the original image in Fig.2A. By
increasing the absolute value of the point o used to define the Mobius transformation, the
differences between the images before and after the composed mapping are also increased.
Still, all these disks stay circular because Mdobius transformations can only map circles
into lines or circles and the disks stay inside the edges of the image. The use of Md&bius
transformations in image augmentation has been also studied by Zhou et al. (2021) but they
did not use other conformal mappings and their augmented images therefore contain much
empty background outside the original photographs.

One alternative method is using general adversarial network (GAN) augmentation first
introduced by Goodfellow et al. (2014). GANs are a class of neural networks that generate
synthetic samples resembling the real images of the original data set. However, it might be
difficult to predict what sort of augmented data GANs produce while the use of conformal
mappings only distort the images. This means that the augmentation based on the conformal
mappings preserves the number of disks in the images of the data set used here, while GANs
might change the number of disks. Furthermore, GANs also require some amount of data
so that they can be trained for their work, while the amount of the data does not affect how
the images change under the conformal mappings. Our method of augmentation could be
also compared with such procedures that use prior information about the data distribution in
augmentation (Botev et al. 2022; Niyogi et al. 1988).
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6 Conclusion

We used conformal mappings to create a new way to augment the image data of a CNN and,
according to our result, this method both works and produces better predictions than a CNN
trained with non-augmented data set.
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