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Abstract

We introduce a novel image segmentation algorithm based on the methodology of approximating
solutions to backward stochastic differential equations (BSDEs). The segmentation method
repeats the BSDE reconstruction process, with the parameters of these equations changing
in subsequent steps. We are interested in a sequence of images driven by BSDE solutions.
As the segmentation result, we define the limit of these images. The segmentation algorithm is
based on the BSDEs approximation methodology. By their nature, stochastic tools, particularly
the Monte Carlo method, have high computational complexity. There are concerns about the
running time of the proposed method, especially if we are considering a sequence of stochastic
solutions. Experimental segmentation results show that it is possible to obtain results quickly
and that the algorithm yields excellent results for images with intense noise.

Source Code

The reviewed source code and documentation for this algorithm are available at the IPOL web
page of this article1. Compilation and usage instruction are included in the README.txt file of
the archive.

Keywords: segmentation, stochastic process, stochastic differential equations, noise

1 Introduction

Digital image segmentation is a fundamental process in computer vision and image processing that
involves dividing an image into meaningful regions or segments. These segments can correspond to
objects, features, or areas of interest within the image. Image segmentation aims to simplify an
image’s representation, making it easier to analyse and extract valuable information. Segmentation
algorithms allow us to make initial data treatment for further analysis, which is very important in
astronomy, biology or medicine.

1http://www.ipol.im/
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Various methods and techniques have been developed in image segmentation to cater to different
types of images and segmentation objectives. Threshold-based segmentation is a straightforward
method where pixels are categorised into segments based on a specified intensity threshold. It is
beneficial for images with apparent intensity differences [44]. Edge-based segmentation aims to
detect and highlight edges within an image. It identifies abrupt changes in pixel intensity, which
often correspond to object boundaries or prominent features [15, 51]. Level sets are an essential
category of modern image segmentation techniques based on partial differential equations. Level sets
advance a contour like a rubber band until the contour hits an object boundary [36, 37, 43, 57].
Region-based segmentation groups pixels with similar characteristics into regions. This method
is suitable for segmenting images into coherent areas based on attributes like colour, texture or
intensity [2, 27, 49, 50]. Region merging hierarchical segmentation creates a hierarchy of image
regions, allowing for multi-level analysis. This method is valuable for identifying large and small
structures within images [35, 41, 52]. The mean shift method is based on density estimations in a
feature space and efficiently finds peaks in a high-dimensional data distribution without explicitly
computing the complete function [19, 20]. Active contour (snakes) segmentation is ideal for capturing
complex and irregular object boundaries. It minimises an energy function, making it adaptable to
various contours [4, 16, 17, 33, 42, 55]. Segmentation using artificial neural networks leverages
deep learning techniques, primarily convolutional neural networks, for precise and efficient image
segmentation [3, 18, 24, 25, 28, 29, 30, 31, 34, 38, 47, 56]. These segmentation methods cater
to various applications, from medical image analysis and object tracking to scene understanding
and industrial quality control. The choice of method depends on the specific segmentation task,
the characteristics of the images, and the desired level of detail. In this project, we will address
the problem of segmenting noisy images and propose a new method based on backward stochastic
differential equations.

The backward stochastic differential equations (BSDEs) were introduced by Pardoux and Peng
[45], who proved the existence and uniqueness of adapted solutions under suitable assumptions.
Duffie and Epstein [21, 22] introduced stochastic differential utilities in economics models as the
solutions for certain BSDEs. Since then, it has been widely recognised that BSDEs provide a valuable
framework for formulating many problems in mathematical finance [32]. They have also proven
helpful in addressing issues in stochastic control and differential games [26]. Many papers (for
instance, [46]) show the connections between BSDEs driven by a diffusion process and solutions of
a large class of quasilinear parabolic and elliptic partial differential equations (PDEs). These results
may be seen as a generalisation of the celebrated Feynman-Kac formula. Through all these results, a
formal dictionary of the relations between BSDEs and PDEs can be established, suggesting that the
existence and unique results that can be obtained on the one side should have their counterparts on
the other. In image processing, one can find both theoretical results [1] and some practical aspects
[5, 7, 10, 11, 12, 13, 14] related to the applications of BSDEs for image denoising. To our knowledge,
this type of equation has never been used for image segmentation. Based on the methodology of
approximating solutions to BSDEs, we introduce a novel image segmentation algorithm in this paper.

The paper is organised as follows: section 2 briefly reviews basic denoising concepts related to
BSDEs and contains the segmentation methodology in terms of BSDEs. Chapter 3 presents details
of the numerical approximation of the proposed method. The algorithm is given in section 4. The
selection of parameter values is presented in chapter 5, with experimental results in section 6 and
concluding remarks in section 7.
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2 Methodology

Let D be a bounded, convex domain in R2, u : D → R3 be an original colour RGB image and
u0 : D → R3 be the observed image of the form

u0 = B u+ η,

where η stands for white Gaussian noise and B is a linear operator representing the blur. We assume
that u and u0 are appropriately regular. We are given u0, the problem is to reconstruct u. This is a
typical example of an inverse problem.

We consider one of the most popular methods of reconstructing digital images. It is a convolution
of the noisy image with a two-dimensional Gaussian mask:

u(x) =

∫
R2

G√
T (x− y)u0(y) dy,

where u0 is a noisy image, Gγ(x) =
1

2πγ2 e
− |x|2

2γ2 is two-dimensional Gaussian mask with variance γ2.
A mean value may represent an image reconstructed with this filter:

u(x) = E [u0 (x+WT )] ,

where W is a two-dimensional Wiener process starting from zero.
It is known that reconstruction with a Gaussian filter is unsatisfactory, and the obtained image

has blurred edges. Therefore, we use the diffusion process X instead of the Wiener process. Then,
the reconstructed image u takes the following form:

u(x) = E [u0 (x+XT )] .

The construction of a process X is modelled by describing diffusion for models of reconstruction
images based on partial differential equations. The appropriate form of this process gives us images
without noise and with preserving edges.

When we described the above example, we assumed that the image is defined on the whole plane.
Since images are considered functions defined on a bounded convex set D, we have to introduce
additional restrictions on process X, which takes values in D. For this purpose, we use the so-called
Skorokhod problem.

The Skorokhod problem is a mathematical tool that lets us find, for a given function, another
function (stochastic process) with similar properties to the original but taking values in a given set.
In our case, after solving the Skorokhod problem, we have a model:

u(x) = E
[
u0

(
x+XT +KD

T

)]
,

where X +KD is a solution to the Skorokhod problem associated with X and D.
It should be noted that in multidimensional cases, there are no explicit formulas for solving the

Skorokhod problem. To calculate u(x), we have to perform multiple simulations of the trajectory of
the diffusion process and then average the obtained results (Monte Carlo method).

The starting point of the next consideration is the following observation modelled on methods of
solving backward stochastic differential equations. The fact that every martingale in the space with
Wiener filtration has representation as stochastic integral implies that a process Z exists (meeting
appropriate technical conditions) with property.

Yt = E
[
u0

(
x+XT +KD

T

)
|Wt

]
= u0(x+XT +KD

T )−
∫ T

t

Zs dWs.
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In particular, Y is a process with continuous trajectories, and its initial value Y0 equals u(x):

Y0 = E
[
u0

(
x+XT +KD

T

)]
= u(x).

Following this idea, we can generalise the model and consider backward stochastic differential
equations of the form

Yt = u0(x+X +KD) +

∫ T

t

f(s, Ys, Xs +KD
s )ds−

∫ T

t

Zs dWs, t ∈ [0, T ],

keeping in mind that the value of the process Y at time zero is a reconstructed pixel. A proper form
of random variable u0(x + X + KD) and drift function f give us a better smoothing effect while
preserving edges and enhancing and sharpening them.

The segmentation method repeats the BSDE reconstruction process, with the parameters of these
equations changing in subsequent steps. In the case of image segmentation, we consider the sequence
of BSDEs:

Y x,n
t = un

0 (x+Xn +Kn,D) +

∫ T

t

fn(s, Y
x,n
s , Xn

s +Kn,D
s )ds−

∫ T

t

Zn
s dWs, t ∈ [0, T ],

where u1
0 = u0. We are interested in a sequence of images (un)n=1,2,···+∞ driven by BSDE solutions

(Y x,n, Zn)x∈D, i.e. u
n(x) = Y x,n

0 , where un
0 = un−1. The result of segmentation is defined as a limit

u(x) = lim
n→+∞

un(x), x ∈ D.

3 Approximation

BSDE solution

For the segmentation problem, we will use the case of the BSDE equation described in [12], where

fn(t, y) =


cn(t)

(
y − un−1(Xn

t +Kn,D
t )

)
, t ∈ [S, T ]

b(t)
(
g(Xn

t , u0, x)u0(X
n
t +Kn,D

t )− y
)
, t ∈ [0, S).

We will use the same values for functions b(.) and g(.), which are responsible for the weight values of
pixels near the reconstructed one. A more significant value of b(t) increases the importance of pixels
closer to the reconstructed one, while function g determines the weights based on the similarity of
patches. We will make changes to function cn(.), whose values will change in the next n steps, i.e.

cn(t) =

{
0 if t ∈ [0, S),

cn if t ∈ [S, T ],

The parameter cn is responsible for the effect of edge sharpening, which takes place from time T to
S.

Theorem ([12]). Let S < T , un−1 : D → R, x ∈ D. Assume that ξn = un−1(Xn
S + Kn,D

S ), where

Xn +Kn,D is a two-dimensional diffusion process with reflection with values in D and starting from
x and

fn(t, y) =


cn(t)(y − u0(X

n
t +Kn,D

t )), t ≥ S,

b(t)
(
g(Xn

t , u0, x)u0(X
n
t +Kn,D

t )− y
)
, t < S.
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If (Y x,n, Zn) is a solution to the BSDE

Y x,n
t = ξn +

∫ T

t

f(s, Y x,n
s )ds−

∫ T

t

Zn
s dWs, t ∈ [0, T ],

then

lim
m→+∞

Y m
0 = Y n,x

0 ,

where

Y m
0 =

j−1∑
k=0

akE
[
g(Xn

tk
+Kn,D

tk
, u0, x)u0(X

n
tk
+Kn,D

tk
)
]
+

m−1∑
k=j

akE
[
u0(X

n
tk
+Kn,D

tk
)
]
,

0 = t0 < t1 < · · · < tj ≤ S < tj+1 < · · · < tm = T, dt = ti+1 − ti =
T

m
,

ak =
b(tk)T

m

k−1∏
s=0

(
1− b(ts)T

m

)
, k = 0, 1, ..., j − 1,

aj =

j−1∏
s=0

(
1− b(ts)T

m

)[
m−1∏
r=j

(
1 +

c(tr)T

m

)
− c(tj)T

m

]
,

ak = −
j−1∏
s=0

(
1− b(ts)T

m

)
c(tk)T

m

k−1∏
r=j

(
1 +

c(tr)T

m

)
, k = j + 1, j + 2, ...,m− 1.

According to the above theorem, the reconstructed pixel Y m
0 is the sum of the pixel values from

the neighbourhood multiplied by weights ak and some measure of similarity g. The function fn is
chosen so that the coefficient values have the following properties:

1.
m−1∑
k=0

ak = 1,

2. ak > 0, k = 0, 1, ..., j,

3. ak < 0, k = j + 1, j + 2, ...,m− 1,

4.
m−1∑
k=j

ak > 0.

The above properties mean that for times k = 0, 1..., j, we want to achieve a smoothing effect in the
direction of the edges, and for times k = j + 1, j + 2, ...,m− 1, we wish to accomplish a sharpening
impact in the direction of the gradient vector. In the case of reconstructing the image background,

we relinquish the sharpening effect, and the last weight takes the value
m−1∑
k=j

ak.
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Monte Carlo method

The reconstructed pixel can be approximated by the following formula

un(x) ≈ Y m
0 =

j−1∑
k=0

akE
[
g(Xn

tk
+Kn,D

tk
, u0, x)u0(X

n
tk
+Kn,D

tk
)
]
+

m−1∑
k=j

akE
[
u0(X

n
tk
+Kn,D

tk
)
]

= E
[ j−1∑

k=0

akg(X
n
tk
+Kn,D

tk
, u0, x)u0(X

n
tk
+Kn,D

tk
) +

m−1∑
k=j

aku0(X
n
tk
+Kn,D

tk
)
]
.

The expected value E is approximated using the Monte Carlo method as follows

un(x) ≈ 1

N

N∑
v=1

[ j−1∑
k=0

akg(X
n
tk
(ωv), u0, x)u0(X

n
tk
(ωv)) +

m−1∑
k=j

aku0(X
n
tk
(ωv))

]
,

where Xn(ω) is trajectory of the process Xn + Kn,D. To get values of this trajectory, we use the
classical Euler scheme [53] and the modified diffusion method [6, 8, 9, 12].

Euler approximation

The classical Euler scheme in the gradient direction, we can write as Algorithm 1, where N (0, 1) is
generator of the normal distribution and ∇ is Di Zenzo RGB gradient [58].

Algorithm 1: Euler scheme in the gradient direction

input : x – pixel position
output: (Xk)k=0,1...j – trajectory in the gradient direction
X0 = x
foreach k = 1, 2, . . . j do

Xk = Xk−1 + dt∇(Gγ ∗ u0)(Xk−1)N (0, 1)

To determine trajectories in the direction perpendicular to the gradient - along the edges, we
can also use the Euler scheme. However, this scheme yields good results for small time increments
dt, which, when combined with the Monte Carlo method, disqualifies this approach due to the
algorithm’s lengthy runtime. In [8, 9], it is shown that this simulation can be accelerated (almost 50
- fold) by using a modified diffusion scheme.

Modified diffusion

The modified diffusion scheme relies on checking the difference in values between subsequent steps
(the theta condition) before determining the next step in the trajectory. Failure to satisfy this
condition means we remain in the same place, while fulfilling it allows us to take a step forward with
a relatively large value of dt.

In references [6] and [8], two extreme approaches to this simulation were proposed, with a focus
on simulation time. In [6], a predetermined number of attempts is performed to determine new
trajectory values; in the worst-case scenario, the trajectory may remain stationary. In [8], the
scheme was improved by enforcing a predetermined number of distinct trajectory steps. However,
in the worst-case scenario, this latter approach may run for an extended period due to the lack of
control over the number of theta conditions.

6
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For segmentation, we propose a compromise between these solutions to limit the number of false
theta tests. In the new numerical scheme, we require that the number of false theta tests not exceed
a predetermined value.

Modified diffusion for image segmentation

For denoising, Borkowski [12] proposed a modified diffusion scheme (perpendicular to the gradient
direction) in the form

Xn
0 (ω) = x, Hn

tk
= ΠD[X

n
tk−1

(ω) + (Wtk −Wtk−1
)],

Xn
tk
(ω) =


Hn

tk
(ω) if Θ,

Xn
tk−1

(ω) elsewhere,

k = 1, 2, ..., τj,

where by Θ (the theta condition) we mean the condition

|(Gγ ∗ un−1)(Hn
tk
(ω))− (Gγ ∗ un−1)(Xn

tk−1
(ω))| ≤ p

and

τj = min{k; k ≥ j and Θ is true j times}.

A terminal time τj provides that the numerical simulation of the diffusion trajectory gives at least
j values of Xn(ω) which differ from the value in the previous step. For this scheme and the large
variability of values in the image, there is a risk that the Θ condition will not be met too often. In
the case of segmentation, we consider the possibility of noising the image with Gaussian noise with
a standard deviation significantly exceeding the value of 100. Therefore, to speed up the trajectory
simulation, we allow only a fixed number of times the Θ condition is false, i.e.

τj = min{k; (Θ is true j times) or (Θ is false j times)}. (1)

In pseudocode terms, we write this as Algorithm 2.

Algorithm 2: Modified diffusion for image segmentation

input : x – pixel position
output: (Xk)k=0,1...j– trajectory along edges
X0 = x
Counter = 0
foreach k = 1, 2, . . . j do

Xk = Xk−1 + dt

[
N (0, 1)
N (0, 1)

]
if |(Gγ ∗ un−1)(Xk)− (Gγ ∗ un−1)(Xk−1)| > p then

k = k − 1
Counter = Counter + 1
if Counter ≥ j then

k = j + 1

7
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4 Algorithm

Article [12] presents the details of implementing the BSDE denoising algorithm, including parameter
values and the definition of functions. In the paper [12], we will also find an analysis and justification
of the chosen parameter values. After considering the changes for segmentation purposes, we obtain
an Algorithm 3, whose outcome depends on the parameters σ > 0 and c ∈ [0, 1]. The parameter σ
represents the standard deviation of Gaussian noise, while the parameter c enhances edge effects (the
higher the value, the sharper the image). The algorithm is divided into two parts: we distinguish
between cases when a pixel belongs to the edge (g ≡ 0) or background (c ≡ 0). In the case of
the background, we do not use the sharpening effect. We also use the patchwise implementation to
reduce the computation of the same weights for neighbourhood pixels.

The segmentation algorithm involves the iterative application of a denoising algorithm. Thanks to
parameters cn, we can avoid the blurring effect on the image and preserve a clear boundary between
image regions. For images with high noise levels, the value of the parameter cn should also be higher
to ensure that the sharpening effect is noticeable. The BSDE segmentation algorithm is presented
in Algorithm 4. The algorithm has a single parameter µ, and its value depends on the noise in the
image. The parameter value must also be high for high noise levels. Based on this parameter, we
determine the values of σn and cn for the denoising algorithm. In each step, these values decrease
because subsequent images exhibit lower noise. In the case of grayscale images, we convert images
to RGB by assigning the same value to each coordinate. In practice, the algorithm works in parallel
using threads. Since we denoise pixels independently, each thread deals with its part of the image
domain. The only thing to remember is to set a synchronisation barrier for threads in the main loop
of the segmentation algorithm.

To provide a more accurate representation of the final result, we introduce Algorithm 5, in which
we perform binarization using Otsu’s method [44]. For RGB images, this operation is conducted
individually for each component: red (u.r), green (u.g) and blue (u.b).

5 Parameters

The impact of the µ parameter on the final result is to separate the image background from significant
shapes. Experiments have shown that the range of the µ parameter is a good choice from 40 to 100.
We examine the convergence of the proposed algorithm for different values of µ, i.e. the existence of
the limit

u(x) = lim
n→+∞

un(x).

In each step, we check the Cauchy condition for this sequence and calculate the behaviour of the
mean square error of the last two elements of the sequence i. e.

∥un − un−1∥MSE =
1

|D ∩ Z2|

∑
x∈D∩Z2

(un(x)− un−1(x))2.

Figure 1 shows how the error value changes in subsequent algorithm iterations. The results were
obtained for different values of the µ parameter and input images, some of which were also noisy with
Gaussian noise. Analysis of the graph shows that convergence is achieved after four iterations. We
propose to use five as the value of epsilon ε = 5, which, along with the fact that µ > 40, guarantees
that the algorithm will execute at least four iterations.

The initial value of µ determines the subsequent values of the parameters for the denoising
algorithm. The proposed subsequent values of cn and σn are chosen to use the entire possible range
during denoising and create a sequence of decreasing values, i.e. c0 > c1 > . . . cn−1 > cn ∈ (0, 1) and

8
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Algorithm 3: BSDE denoising for image segmentation

input : u0 – noisy image, σ – standard deviation of the noise, c ≥ 0 – enhancing parameter
output: u – reconstructed image
foreach pixel position x do

if c > 0 and |∇(Gγ ∗ u0)(x)| > σ then /* Edge denoising */

X0 = x
foreach n = 1, 2, . . . N do /* Monte Carlo method */

u(x) = u(x) + a0 · u0(x)
Counter = 0
foreach k = 1, 2, . . . j do /* Modified diffusion for image segmentation*/

Xk = Xk−1 + dt

[
N (0, 1)
N (0, 1)

]
if |(Gγ ∗ u0)(Xk)− (Gγ ∗ u0)(Xk−1)| > p then /* The condition cannot be */

k = k − 1 /* false more than j times */

Counter = Counter + 1
if Counter ≥ j then

Xj = Xk−1

k = j + 1

else
u(x) = u(x) + ak · u0(Xk) /* ak > 0 */

foreach k = j + 1, j + 2, . . .m− 1 do /* Sharpening in gradient direction */

Xk = Xk−1 + dt∇(Gγ ∗ u0)(Xk−1)N (0, 1) /* ∇ – DiZenzo RGB gradient */

u(x) = u(x) + ak · u0(Xk) /* ak < 0 */
else /* Background denoising */

X0 = x
foreach n = 1, 2, . . . N do /* Monte Carlo method */

u(x) = u(x) + a0 · u0(x)
Counter = 0
foreach k = 1, 2, . . . j do /* Modified diffusion for image segmentation*/

Xk = Xk−1 + dt

[
N (0, 1)
N (0, 1)

]
if |(Gγ ∗ u0)(Xk)− (Gγ ∗ u0)(Xk−1)| > p then /* The condition cannot be */

k = k − 1 /* false more than j times */

Counter = Counter + 1
if Counter ≥ j then

Xj = Xk−1

k = j + 1

else
if k == j then

a = ak
foreach i = j + 1, j + 2, . . .m− 1 do /* No sharpening */

a = a+ ai
u(x) = u(x) + a · u0(Xk)

/*
m−1∑
i=j

ai = a > 0 */

else /* Patchwise implementation */

foreach xx such that |x− xx| ≤ radius do
u(x+ xx) = u(x+ xx) + akg(Xk, u0, x) · u0(Xk + xx) /* ak > 0 */

9
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Algorithm 4: BSDE segmentation

input : u0 – input RGB image, 40 < µ < 100 – noise parameter
output: u – segmented image
u = u0

σ = µ
foreach σ > ε do

c = 0.01σ /* cn */
u = Algorithm 3 (u,σ,c) /* un */
σ = σ

2
/* σn */

Algorithm 5: BSDE binarization

input : u0 – input RGB image, 40 < µ < 100 – noise parameter
output: v – binarized image
u = Algorithm 4 (u0,µ)
v.r = Otsu(u.r)
v.g = Otsu(u.g)
v.b = Otsu(u.b)

σ0 > σ1 > . . . σn−1 > σn ∈ (0, 100). However, our goal is to propose an algorithm free from input
parameters. Therefore, we propose to make the value of the parameter µ dependent on the variance
of the input image and assume:

µ = max
{
50,

√
var(u0)

}
. (2)

In the algorithm, we can pass a value for µ. If the given value exceeds the range (40, 100), then the
value of this parameter is determined automatically, and we initialise it with the standard deviation
of the input image using the formula (2). Figure 2 shows three different segmentation results: a
value µ that is too small, optimal, and too large. The proposed formula for automatically selecting
this parameter usually returns a value that is too large compared to the optimal value. We believe
selecting too large a value is a lesser evil than if we had provided too small a value. We want to
avoid leaving background fragments (noise) in the image. This is also why we give up the range from
40 to 50 in the proposed formula (2).

Figure 1: Mean squared error ∥un − un−1∥MSE for different values of the parameter µ and input test images.
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(a) Input image (b) µ = 41 (c) µ = 50 (d) µ = 56.26

Figure 2: BSDE segmentation results of Wrench image for various values of µ: (b), (c) – manually selected, (d) – formula
(2)

Table 1: Segmentation time (in seconds) using the BSDE method for images presented in Figure 3 and Figure 4. The tests
were conducted on a CPU Intel(R) Core(TM) i9-9900K and eight threads.

noisy Shamrock Coin noisy Coin Cow Bear noisy Bear noisy Rose Geranium
237× 278 182× 157 182× 157 300× 200 255× 200 255× 200 300× 285

11.5 4.8 7.2 9.0 8.4 10.5 14.9

6 Experimental results

This section presents the image segmentation results for the Shamrock, Coin, Cow, Bear and Rose
Geranium images. The Cow and Shamrock images are grayscale images, and the Cow, Bear and Rose
Geranium images are RGB images. The segmentation algorithm works for RGB images, and in the
case of grayscale images, we convert to the same values at each coordinate. The Otsu binarization
is performed for each RGB component separately, resulting in eight possible colour values. In the
case of four examples, Figure 3 (a), Figure 3 (g) and Figure 4 (g), Figure 4 (j), we added Gaussian
noise with a significant standard deviation value. In all presented examples, we use formula (2) to
initialise the algorithm - the program is free from parameters. The analysis of examples shows how
well the segmentation algorithm works with noisy data. Table 1 shows the runtimes of the parallel
version of the algorithm using eight threads. A significant difference in runtime can be seen for noisy
and noise-free images. The difference in the number of tests for the modified diffusion condition (1)
causes this. The number of false tests increases for pictures with large variability of values.

Figure 5 and Figure 6 show the proposed method’s use for medical image segmentation from
the HAM10000 dataset [54]. We used the algorithm for skin lesion segmentation. The algorithm
returns the shape of this lesion as a black-and-white image. After binarisation using our method, the
segment located in the central part of the image is displayed as the result. Since the analysed images
do not contain noise (only the natural skin texture), our algorithm’s value of the µ parameter is set
to the lowest value µ = 40 for all medical images.

7 Conclusions

In this work, we introduced a segmentation algorithm that showcases interesting segmentation results
for noisy images. The subject presented here is an intriguing area for further research. Specifically, it
would be interesting to develop a mathematical model for the solution generated by the segmentation
algorithm.

11



Dariusz Borkowski

(a) Input image (b) BSDE segmentation for µ = 99 (c) BSDE binarization for µ = 99

(d) Input image (e) BSDE segmentation for µ = 50 (f) BSDE binarization for µ = 50

(g) Input image (h) BSDE segmentation for µ = 99 (i) BSDE binarization for µ = 99

Figure 3: Segmentation and binarization of grayscale images (for each row): Shamrock and Coin. The input images (a)
and (g) are corrupted by Gaussian noise. The Shamrock image is corrupted with a standard deviation equal to 500, and
the Coin image with a standard deviation equal to 350.

Image Credits

Extracted from [23]

Extracted from [48]
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(a) Input image (b) BSDE segmentation for µ = 56.85 (c) BSDE binarization for µ = 56.85

(d) Input image (e) BSDE segmentation for µ = 60.89 (f) BSDE binarization for µ = 60.89

(g) Input image (h) BSDE segmentation for µ = 99 (i) BSDE binarization for µ = 99

(j) Input image (k) BSDE segmentation for µ = 98.07 (l) BSDE binarization for µ = 98.07

Figure 4: Segmentation and binarization of RGB images (for each row): Cow, Bear and Rose Geranium. The input images
(g) and (j) are corrupted by Gaussian noise (independently added to all coordinates). The Bear image is corrupted with a
standard deviation equal to 250, and the Rose Geranium image with a standard deviation equal to 150.
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(a) Input image (b) BSDE segmentation for
µ = 40

(c) BSDE binarization for µ =
40

(d) Center region of BSDE
method for µ = 40

Figure 5: Segmentation, binarization and the centre region of BSDE method. The input image shows a skin lesion, and the
algorithm’s task is to detect this shape.

Figure 6: Central regions from the BSDE segmentation method. Each column represents a skin lesion (input image) and
the detected shape (center region of BSDE method for µ = 40) .

Extracted from [40]

BSDS300 [39]

Wikipedia

Harvard Dataverse [54]
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