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Abstract—In the area of image processing, segmentation of an
image into multiple regions is very important for classification and
recognition steps. It has been widely used in many application fields
such as medical image analysis to characterize and detect
anatomical structures, robotics features extraction for mobile robot
localization and detection and map procession for lines and legends
finding. In this paper, we describe a novel method for segmentation
of images based on Particle Swarm optimization for determining
multilevel threshold for a given image. The proposed method is
compared with other known multilevel segmentation methods to
demonstrate its efficiency. Experimental results show that this
method can reliably segment and give threshold values than other
methods considering different measures.

Keywords—Multilevel  segmentation;  Particle =~ Swarm
Optimization; fitness function; Image processing
1. INTRODUCTION
Segmentation is to divide an image into region

corresponding to objects. These objects include more
information than pixels. Indeed, interpretation of images based
on objects gives more illustrative and meaningful information’s
than information gives based on individual pixel interpretation.
The principle aim of image segmentation is to apply a specific
treatment or to interpret the image content.

If human knows naturally separate objects in an image due
to high-level knowledge that consist on understanding of the
objects and the scene. Developing segmentation algorithms still
one of the most topics research common in the field of image
processing. So far, there are many segmentation methods that
can be classified into four main types including region based
segmentation like region-growing [1, 2] and region based split
and merging [3, 4], edge-based segmentation [5, 6], histogram
thresholding based method [7, 8] and Segmentation based on
hybridization between two of the first three segmentations.

Thresholding method is one of the most common methods
for the segmentation of images into two or more clusters [9,
10]. It is a simple and popular method for digital image
processing that can be divided into three different types: global
thresholding methods [11, 12], local thresholding methods [13,
14] and optimal thresholding methods [15, 16]. In the former,
global thresholding methods are used to determinate a
threshold for the entire image, it concern only the binarization

and the result after segmentation is a binary image. Local
thresholding methods are fast and for this reason they are
suitable for the case of multilevel thresholding. However the
major drawback of this method is the determination of the
number of thresholds. The advantage of the optimal
thresholding methods is the objective function. Indeed, the
determining of the best threshold values amounts to optimize
the objective function.

Several algorithms have been widely proposed in the
literature for the bi-level [17, 18, 19, 20, 21] and also for the
multi-level thresholding problem. For two level thresholding,
solving the problem is same as finding the threshold value
called T which satisfies this condition: pixels which are lower
than T represent the object and the other pixels the background.
This problem could be extended to n-level thresholding when
distinct objects are depicted within a given scene, multiple

threshold values called 51T, with 122 have to be

determinate. A variety of multilevel thresholding approaches
have been proposed for image segmentation including the Otsu
criterion [22, 23, 24]. This method is simple but it has a
disadvantage that it is computationally expensive. To overcome
this problem, many papers have been published in the literature
designed especially for computation acceleration of the specific
objective function [25, 26]. Among this category, we find
methods that utilize the meta-heuristic optimization methods
namely GA [27, 28, 29], ABC [30, 31, 32], PSO [33, 34, 35].
Meta-heuristic algorithms have been inspired from nature and
they are used to solve difficult optimization problems. Those
optimization algorithms could be used to solve many complex
optimization problems, which are non-linear, non-
differentiable and multi-model.

In this paper, a proposed algorithm for image segmentation
based on PSO is used to automatically determinate the
threshold values in multilevel thresholding problem. The PSO
algorithm is based on swarm behavior of birds where particles
(in our case: pixels), fly through the search space using two
simples equations for velocity and position. This algorithm has
been widely used to solve global and local optimization
problems. This algorithm has undergone several evolutions, we
cite the Darwinian Particle Swarm Optimization (DPSO) [36]
and the fractional calculus based PSO called FODPSO [37].
This work mainly focuses on using a new variant of PSO
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denoted as MMPSO (Multithresholding based on Modified
PSO) and it is the first time to verify and apply this method to
multilevel segmentation. We start by presenting a brief review
on the most known meta-heuristic algorithms. Next in section
2, we introduce the n-level thresholding problem formulation.
Section 3 presents a brief review of the traditional PSO and the
MMPSO. In section 4, benchmarks images used to demonstrate
the advantages given by the proposed method in comparison
with other commonly used algorithm such as genetic algorithm
(GA) and traditional PSO. Finally, section 5 outlines
conclusions.

II.  RELATED WORK BASED META-HEURESTIC ALGORITHM

A. Genetic Algorithm (GA)

Genetic algorithms (GAs) are meta-heuristics search
methods belonging to the class of evolutionary algorithms
(EAs). They are inspired by the analogy between the
optimization process and the evolution of organisms. A GA is
used to search for global or optimal solutions when no
deterministic method exists or when the deterministic method
is computationally complex. GA is a population based
algorithm that was proposed by John Holland in 1975 [38].
Then by Goldberg in 1989 [39], Holland in 1992 [40], Man et
al. in 1996 [41], Schmitt and Petrowski in 2001 [42, 43]. Later,
this technique has been used in many fields such as image
segmentation, which has been transformed into an optimization
problem like in [44, 45, 46, 47].

Multithresholding amounts to finding more than a
threshold, this means several solutions. Each solution is
represented as chromosome, each chromosome is constructed
from genes and solutions generated per iteration are called
population. The size of the population is the number of
solutions per iteration. Let n the population size of randomly
generated individuals. The genetic algorithm starts with n
random solution. Then the best member solutions are selected
to generate new solutions, so the best generated solutions will
be added to the next iteration and all bad solutions will be
rejected. The selection of the best solution in each generation is
based best fitness evaluation values of every individual in the
population to form a new population. The stopping criterion is
determinate by the number of generations that has been
produced, or on a satisfactory fitness value that has been
reached for the population. Generally, the genetic algorithm is
based on four steps: population initialization, evaluation of
fitness, reproduction and termination criterion.

TABLE L PSEUDO-CODE OF THE GA ALGORITHM

1. Initialize a population of random individual solutions
2. While stopping criterion not met, do:
2-1. Create a new population
2-2. Until creation of the entire population, do:
i. Select a pair of individuals that has the
lowest value of fitness.
ii. Cross-over the two individuals to produce
two new individuals.
2-3. Randomize each individual of the new

population to mutate.

2-4. Replace the population with the new
population.
3. Display the best solution found over the search.

B. Ant Colony Optimization (ACO)

The ant colony algorithms are a family of meta-heuristics
inspired from nature using swarm intelligence. The behavior of
ants in their search for food has been studied and applied to
solve complex optimization problems. Simply, ants initially
start by moving randomly. Once the food has been found, again
they join their colony by filing in the way a chemical substance
called pheromone [48]. Other ants that are experiencing the
same path have a high probability to stop their random
movements and follow the path marked by the substance
(pheromone): this was called the phenomenon of stigmergic
optimization [49]. After some research, there will be several
paths that lead to food. The shortest path will be covered
without necessarily having a global vision of the path [50, 51]:
this phenomenon is based positive feedback. Therefore, the
long paths ultimately disappear. Finally, all the ants will follow
the shortest path.

Dorigo [52] and Coloni [53] are the first who have trying to
implement an inspired ACO analogy to solve the problem of
searching for an optimal path in a graph. Then, several
problems have emerged and drawing on various aspects based
behavior of ants. Multithresholding is among the areas in
which the ACO algorithm was implemented to obtain the
optimal thresholds in the field of image segmentation [54, 55,
56, 57].

Table 2 below gives the overall description of the ACO
algorithm:

TABLE IL PSEUDO-CODE OF THE ACO ALGORITHM

1. Set parameters and initialize pheromone trails
2. for i from I to number_of iterations do
for j from I to population_size do

Building solutions based on the probability of state
transition

Stop when all ants have been generated
3. Evaluate all solutions and select the best one even iteration
4. Apply the pheromone update rule
5. Continue until reaching the stopping criterion

C. Artificial Bee Colony (ABC)

Artificial Bee Colony algorithm was firstly proposed by
Karaboga [58] in 2005 for searching numerical optimization
problems based on intelligent foraging behavior of honey bee
swarm. Later, further improvements have been carried out for
the ABC algorithm by Karaboga and Basturk in 2006 and 2008
[59, 60]. Colony of ABC model consists of three groups of
bees: employed bees, onlookers and scouts [61].

The bee which discovered and a source of food to exploit
belong to the employed bees group. The second groups of bees
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called onlookers are those waiting in the hive for information
about the sources of food from the employed bees. The third
group of scouts’ bees is the set of bees which will randomly
search for the food sources around the hive. After exploiting a
source of food, a bee belonging to the employed bees group
returns to the hive and shares information about the nectar
amount produced in the food source with other bees. The
employed bee starts dancing in the dance area of the hive.
Communication among bees related to the quality of food
sources takes place in the dancing area. This dance is called a
waggle dance and it is made to share information with a
probability proportional to the profitability of the food source.
More profitable the source is, more the dancing duration is so
longer. An onlooker on the dance floor watches numerous
dances and selects to employ herself at the most profitable
source. After watching several dances, an onlooker bee chooses
a source of food and becomes employed bee. In a similar way,
a scout is called employed when it finds a source of food. After
completely exploiting a source of food, all employed bees
abandoned it and change into onlookers or scouts [62, 63].
Typically algorithm for the ABC algorithm is given in table 3
below:

TABLE IIL PSEUDO-CODE OF THE ABC ALGORITHM

1: Initialize the population of solution and generate food
sources

2: Assign the employed bees on their food sources

3: Assign onlooker bees to the food sources depending on
their amount of nectar

4: The scout bees randomly research the neighbor area to
discover new food sources.

5: The best solution is recorded and increases the cycle by 1.
6: The algorithm is end if the cycle is equal to the maximum
cycle number (max cycle), otherwise go to Step 2

The ABC algorithm finds optimal solutions for the
optimization problems. Many researchers use this algorithm to
determine the threshold values for the multilevel thresholding
problem [64, 65, 66 67, 68].

D. Shuffled Frog Leaping Algorithm (SFLA)

SFLA is a recent meta-heuristic algorithm proposed by
Eusuff and Lansey in 2003 [69] that mimics the principle of a
group of frogs evolution that searches discrete locations
containing as much food as available. SFLA combines the
advantages of the local search tool of the PSO algorithm and
the idea of mixing information from parallel local searches to
move toward a global solution [70]. The SFLA algorithm has
been tested on several combinatorial problems and has
demonstrated effectiveness [71] in various global solutions [72,
73].

In general case, when we apply the SFLA algorithm to
found an optimum solution, each frog has a different solution
from others frogs. This solution is determined according to the
fitness function and its adaptability. SFLA algorithm involves a
population defined by a set of frogs (solutions). The entire
population is partitioned into a predefined number of subsets

referred to as memplexes. Those mememplexes are considered
as different crops of frogs to performing a local search. Frogs
of each memplex have their own strategy to explore the
environment in different directions. After a predefined number
of memetic evolution, the exchange of information between
memplexes takes place in a procedure of shuffling [74]. This
procedure must ensure that the evolution toward a particular
interval is free from all prejudices. Memetic evolution and
shuffling are performed alternatively until reaching the
convergence criterion or otherwise until a stopping criterion.
Steps of SFLA are given below [12].

Step 1: Initial population of F frogs, in which individual
frogs are equivalent to the GA chromosomes, is created
randomly.

Step 2: All frogs are sorted in descending order based on
their fitness values and divided into m memplexes, each
memplex containing p frogs; the frog that is placed first moves
to the first memplex, the second one moves to the second
memplex, the pth one to the pth memplex, and the (p + 1)th
returns to the first memplex, etc.

Step 3: Within each memplex, the frogs having the best and
the worst fitness are identified. The frog with the best fitness in
the whole population is identified. During the evolution of
memplexes, worst frogs jump to reach the best ones.

Step 4: After a defined number of memplex evolution
stages, all frogs of memplexes are collected and sorted in
descending order again based on their fitness. Step 2 divides
frogs into different memplexes again, and then step 3 is
achieved.

Step 5: If a predefined solution or a fixed iteration number
is reached, the algorithm stops.

Table 4 shows the proposed algorithm based SFLA
technique:

TABLE IV. PSEUDO-CODE OF THE SFLA ALGORITHM

Begin;
Generate random population of P solutions (individuals);
For each individual frog in the population: calculate fitness (i);
Sort the whole population P in descending order of their fitness;
Divide the population P into m memeplexes;
For each memeplex;
Determine the best and worst individuals;
Improve the worst individual position
Repeat for a specific number of iterations;
End;
Combine the evolved memeplexes;
Sort the population P in descending order of their fitness;
Check if termination = true;
End;

The SFLA algorithm had been recently used in determining
the optimal thresholding in the field of image segmentation
exactly in the identification of the bi-level [75, 76] and multi-
level thresholding [77, 78, 79, 80, 81, 82].
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III. PROPOSED APPROACH

A. Image Multilevel Thresholding: Optimization problem

Multilevel thresholding segments images into several
distinct regions. Using this process, it is possible to determinate
more than one threshold value for a given gray-level image and
segments it into certain brightness regions, which correspond
to one background and several objects. Let consider a gray-
level image that contains N pixels distributed as objects and
background. The multilevel threshold selection can be
considered as the problem of finding a set T(/),l =1,2,...,L of
threshold values with L is defined as the intensity level of the
image. As a result of thresholding, the original image will be
transformed to an image with L+1 levels. If T(l), [=1,2, ..., L
are the threshold values with T(1) < T(2) < 1(3), ..., < T(L)
and f(x,y)is the image function which gives the gray-level

value of the pixel with coordinates (x, y). The resultant image
F(x,y) as explain before, is defined as:

0, i fluy)sTD

1, if TS f(xy)<TQ)
F(x,y)4. . . 1)

L i fley2TL)

The problem of multilevel thresholding can be reduced to
an optimization problem. The goal becomes to search and
found the threshold values that maximize the fitness function
¢ of the gray-level component, defined as:

¢= max o’ (T)

(2)
T(1)< T(2) < T(3), ..., < T(L)

With ¢ is the between-class variance generally defined by:

o’ =Po’ +Po,; (3)
And:
o) =25 iy 1) 07 =— B - (4
= D)5 0 = S (D)~
lel 255

= S = SO 5)

=L Sy p=— LS
T WxHS D WxHS (6)

With h is the histogram of this image and N and M are
respectively width and height of the image.

The major drawback of this problem is the computational
effort that is much larger as the number of threshold levels
increase. In the last decade, biologically inspired methods have
been used as computationally efficient alternatives to analytical
methods to solve optimization problems [83, 84].

B. The MMPSO Algorithm

Particle Swarm Optimization (PSO) is a population-based
optimization algorithm belonging to the evolutionary
computation paradigm [85]. It is proposed by [86] to solve
problems with continuous variables. It is very suitable to solve
complex problem with multiple decision at low cost of
computational time. As compared with other evolutionary
computation algorithms, PSO has many advantages such as
non-use of genetic operation; like crossover and mutation with
Genetic Algorithm, PSO has a memory so it can learn from
others neighbor or itself; after moving to the new group it has
more information from its parents and can find the best
threshold value in short time and it requires only mathematical
operations which make its implementation very easy and not
cost in terms of execution time.

PSO is an efficient algorithm that is based on a population
initialized with a random solution called particle. Each particle
represents an approximate solution to a complex problem in the
search space. This solution is determined based on the
collective experiences of the same swarm. In PSO, each
particle is characterized by its own position vector and velocity
vector. The movement of these vectors in the search space is
controlled by the following recursive equations:

Vim = W¥ Vi, + ¢ ¥rand10)* (pyy, — Xiy) + €2 *mndZ()*(pgm — Xim)

)

Xim = Xim + Vim (8)

Where x,, is the i" position of the particle of the swarm;
v, the velocity of this particle; p;,, the best previous position
of the i™ particle; Pgm 1s the best position of particle in the

swarm; 1<m<M with M is the search space; randl() and
rand2() are the two independents random number with uniform
distribution in the range [0, 1]; ¢, and ¢, are two positives
constants of accelerations coefficients called cognitive and
social parameter respectively; Wis called inertia weight and it
is used to control the balance between exploration and search
space exploitation. The PSO algorithm is briefly detailed in this
table 5 below:

TABLE V. PSEUDO-CODE OF THE PSO ALGORITHM
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PSO algorithm
Initialization :
Initialize the position x; and the velocity v; of each

particle as follows :

Xim = Xmin + (¥max — Xmin) * rand () )
Vim = Vmin + Vmax — Vmin) * rand () (10)
do

for i from 1 to N
Update :

if fimess(x;)< fimess(p;) then
up 1o date of peg; : pi = X
up to date of gp.e
for i from 1 to M
up to date of v; and x;

end
end
end
end

PSO approach is based on the memory and the social
interaction among individuals. In the general case, the fitness
function allows determining the best position for a particle i to
make moves from its current (x;,t) to the next (x;,f+1) .
Moving process is depends on three stages:

1-The current velocity (v;, )

2-The best performance (evaluated by the objective
function: fitness (f;,?) )

3-The best position of its neighbors (g,7)

Fitness function is used to assess pixels’ (particles’) for
selecting the best individual. It is the most important step that
directly affects results of the best position for each individual.
So, the overall contribution of this work is to introduce a new
fitness function that will give advantages for fast determination
of threshold values so that the solutions for the optimal
problem. For this, the new introduced algorithm based on the
new fitness is called MMPSO and it will be well explained.

Firstly, let calculated a weight P; for each particle i

according to its location using Eq.(11) and then sum S for all
particles using Eq (12):

P; =277 x(i, j) (11)
SP=3P, (12)

With p is the number of iterations.

Then, the sum is normalized using Eq. (13)

255x SP

13)
20t

N@) =

After that, let be introduced four parameters
lowsum lownum highsum highnum to zero. Then, each

particle of the original image with intensity L) is
compared with N(i) as explained in the pseudo code
given in Table 6 below:

TABLE VL PSEUDO-CODE OF THE COMPARISON

for i froml to M
if L(i) < N(i) then
lowsum = lowsum + L(1)
lownum = lownum +1
else
highsum = highsum + L(i)
highnum = highnum+1

end
end

The computation of the new fitness function depends to the
final image after segmentation. For each particle i, after
comparing all pixels with N(i), two coefficients u, and u, are

calculated according to Eq. (14) and (15). Finally, the fitness
function of the particle i is calculated using Eq. (16).

= lowsum (14)

=
lownum

0= highsum

2

B highnum (15

fitness(i) = lownumx highnumx (u, —u,)’  (16)

This new fitness function increases the probability to use
more positions. So, it guarantees and allows the best speed of
the convergence to the sought threshold value. This is
demonstrated by the following experimental results.

The proposed MMPSO in this work is shown in the table 7
below:

TABLE VIL PSEUDO-CODE OF THE MMPSO ALGORITHM

Final MMPSO code
1. Parameter initialization; including swarm size M, inertia
weight w, cognitive and social parameter the position ¢, and

¢, , maximum and minimum velocity values V, and V,

max min ?
number of iterations N,
2. Initialize population of particles with random positions and
velocities using the two equations below:

Xim = Xmin T (X¥max — Xmin) * rand ()

Vim = Vmin + Vmax — Vmin) * rand ()
3. Evaluate the fitness function of each particle:
While the stopping criterion is not met

for each particle i in the swarm

Pi=2""x(, )
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=p
sp=5p,
j=0
. 255xSP
NO=—035—

end
lowsum=0; lownum=0; highnum=0; highsum=0;
for i from I to M
if L(i) < N(i) then
lowsum = lowsum + L(i)

lownum = lownum + 1
else
highsum = highsum + L(i)
highnum = highnum+1
end
end
if lownum=0 then
u;=0
else
_ lowsum

lownum
end
if highnum=0 then
M2=O

Airplaﬁe

Hunter

else
w = highsum
* highnum
end
4. if fimess(x;) < fitness(p;) then
up to date of ppee 5 pi =X
up to date of gy,
for i from 1 to N
5. up to date of v; and x;

end
end
end
end

IV. EXPERIMENTAL RESULTS

MMPSO-based image segmentation which is proposed in
this paper was implemented in MATLAB (2011b) on a
computer having Intel Core 2 Duo T5800 processor (2.00 GHz)
and 3 GB of memory. The proposed methods are tested on a
few benchmark images (256 x 256 pixels in size) including:
Airplane, Hunter and Map. Fig. 1 blow illustrates all images
with their histogram.
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Figure 1. Benchmark images with their histograms.

The performance of the proposed methods is evaluated by
comparing their results with a few popular methods such as GA
and PSO. As well, MMPSO is a parameterized algorithm
depends on many factors like cognitive, social and inertial
weights. They were chosen in reference to several works

focusing on the convergence analysis of the traditional PSO
[87, 83] to give result in faster convergence (Table 8).

TABLE VIII. TABLE 1. INITIAL PARAMETERS OF THE PSO AND MMPSO

MMPSO

Parameters PSO
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Num of Iterations 8 8
Population 200 200
¢ 15 15
¢ 15 15
w 1.2 1.2
V. 2 2
ijn 2 2
X, 255 255
Xmin 0 0

The computational time and threshold values are among the
most important indicators which determinate the ability of the

algorithm [88]. For many applications, such as medical images,
in particular MRI images, data are considerably large in most
cases so using a high speed and highly efficient algorithm is
preferable. Therefore, the evaluation of the execution time of
the CPU process and threshold values seems essentially and
necessary to determinate the performance of the new method.

A. CPU processing time

PSO is bio-inspired stochastic algorithm and is like all
evolutionary algorithms based random initialization. So, results
are not similar in each run. For this, MMPSO and PSO
algorithms are executed 20 times and the average CPU process
time values are brought in Table 9 below:

TABLE IX. THE AVERAGE CPU PROCESS TIME OF DIFFERENT SEGMENTATION METHODS
Image Thresholds MMPSO (s) PSO (s) GA (s)
Airplane 2 0.4318 0.4382 0.8113
3 0.5012 0.4844 0.8642

4 0.5502 0.5516 0.9189

5 0.6066 0.6065 0.9862

Hunter 2 0.3814 0.3966 0.7013
3 0.4766 0.4761 0.7862

4 0.5516 0.5517 0.9014

5 0.5913 0.6031 0.9914

Map 2 0.3014 0.3158 0.6821
3 0.3897 0.3875 0.7532

4 0.4719 0.4882 0.8852

5 0.5032 0.5142 0.9365

In the literature, it has been proven that the PSO requires
less CPU processing time to find the threshold values in
comparison to GA and this is clear in refer to Table 9 above. It
is very clearly that MMPSO presents the best processing time.
It is able to found in less CPU time than PSO and of course GA
the threshold values. It is given that the difference between
PSO and MMPSO is not huge for most of CPU process time
values, but each time we increase the number of thresholds, the
difference will be notable. Also, whenever the image contains
more detail, greater the difference is significant, i.e., the gap
CPU process time between PSO and MMPSO is higher for the
map image than the airplane and hunter images.

B. Threshold values

The aim of the proposed algorithm is to determinate the
best threshold values the optimal problem. Since all
evolutionary methods among of them MMPSO and PSO are
stochastic and random, the results are not completely the same
in each run and in each number of threshold. For this, different
level for image segmentation are applied and classified in
Table 10 below.

TABLE X. AVERAGE THRESHOLDS OF DIFFERENT SEGMENTATION ALGORITHM
Image Th MMPSO PSO GA
Airplane 2 116,176 117,174 116,175
3 95,149,196 99,158,193 86, 133,204
4 84,130,173,203 84,125,168,201 71,119,164,200
5 78,115,150,187,206 60,101,138,177,204 84,124,164,188,204

2 54,118

3 42,88,144

4 36,88,133,159

5 41,84,128,159,184

Hunter

37,85,125,154,177

52,116
39,86,135
36,84,130,157

51,115
36,89,133
39,93,142,163
39,94,130,169,204
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Map 2 61,91
3 59,78,104
4 54,68,84,108
5 47,57,64,76,98

60,90 56,85
57,75,101 57,714,97
52,68,82,103 49,66,78,100

46,56,63,75,97

44,55,60,72,95

Figure 2. Results of segmentation with 2, 3, 4, 5 thresholds, respectively from (left to right)

In fig 2, it gives results of different segmented images with
various threshold levels. Qualitative results given below shows
those images with higher level of segmentation have more
detail than others. Along the same lines, Table 10 shows that
for 6-level threshold, it is almost the MMPSO gives the best
threshold values.

V. CONCLUSION

In this paper, MMPSO inspired Particle Swarm
Optimization algorithm for multilevel thresholding is
developed. This method is able to determine optimal threshold
values from complex gray-level images. In this purpose, a new
fitness function is developed to ensure best threshold values in
less CPU process time. Experimental results demonstrated by
computing optimal threshold values in 4 different levels (3, 4, 5
and 6 levels) for three different benchmark images. Results
indicate that the MMPSO is more efficient than PSO and GA.
In particular, this method is better when the level of
segmentation increase and the image is with more details.
Moreover, due to the low computational complexity of the
algorithm, this algorithm will be applied to classify the MRI
medical images.
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