Swarm Intelligence Approach
to 3D Medical Image Segmentation
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Abstract In this paper we present a new idea for 3D medical image segmentation
based on swarm intelligence and ant colony optimization. The methodology com-
bines selected mechanisms running both mentioned artificial intelligence techniques,
e.g. fitness-controlled motion of virtual agents or stigmergy. Foundations of the algo-
rithm are described along with its implementation specification, simulations, results
and their analysis also in terms of clarifying the parameterization. Several parameters
are introduced and verified in terms of their influence on the method performance.
The experiments rely on the segmentation of spleen in computed tomography stud-
ies. We also formulate some conclusions on possible ways for the algorithm future
development.
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1 Introduction

Computer-aided diagnosis (CAD) systems designed e.g. for cancer diagnostics or
post-treatment monitoring rely on proper analysis of medical images [7]. In most
cases they require the expert contours of the region of interest (ROI) and/or the
anatomical structure under consideration. The proper delineation and annotation
stands for a diagnostic or pre-treatment factor of great importance. There is a large
margin of error which depends on the expert when the structure contours are outlined
manually [19]. They depend on the expert experience, age and even mood or time
of the day. The intra-observer delineation may vary, since the results are considered
unrepeatable and the segmentation gold standard is very difficult to detain. More-
over, the process of creating a contour is very laborious. All these factors force a
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need to automate and objectify the segmentation process in diagnostic imaging. Mak-
ing direct diagnostic decision based on automatic segmentation is, however, hardly
acceptable. The semi-automatic methods are more appropriate: a person initiates,
improves and controls the results of the algorithm (e.g. localizes the seed points or
sets up parameters) but no delineations are made manually only.

Many standards for providing the partial automation of the image segmentation
processes have been proposed through the years [9, 18]. None of them can be treated
as a solution for all the problems, since each one addresses some specific issue.
The topic of traditional 2D images segmentation have been explored particularly
deeply, yet with a rapid progress in both, medical imaging data availability and
computing power, the 3D processing techniques become more common nowadays.
Such a growth of the amount of information brings also new challenges for intelligent
analysis, requiring the employment of advanced processing and inference ideas.
For that purpose, the artificial intelligence (Al) principles supply the segmentation
workflows more often.

Artificial neural networks (ANN) and fuzzy logic (FL) are probably the most
widely used Al branches in image segmentation in terms of ANN-based classifica-
tion [21], fuzzy clustering [12, 25], fuzzy connectedness [5, 23], fuzzy inference
systems [1] or hybrid neuro-fuzzy approaches [24]. The presence of evolutionary
computation can also be noticed mostly in some specified auxiliary procedures like
automated seed points selection [2, 14]. The granular computing have recently been
employed for some pre-segmentation organ model definition [10]. The swarm intel-
ligence ideas discovered actually in early 1990s are used in biomedical engineering
mainly in bioinformatics [17, 20], yet also gradually appear in the image analysis
domain. Multiple variants of the ant colony optimization (ACO) [8] and particle
swarm optimization (PSO) [13] are, however, also mainly present as multipurpose
procedures helpful at certain stages, not constituting the segmentation methodology
itself. That concerns e.g. some sort of PSO-driven classifier training [26] or optimal
multilevel threshold selection [15].

The ACO was initially illustrated by the traveling salesman problem [8]. Each
virtual ant travels from one town to another and leaves pheromone on the road
(stigmergy). The amount of pheromone depends on the road length. Pheromone
evaporates over the time as it happens in nature [6]. The probability of choosing
the next city on a track is directly proportional to the amount of pheromone on the
path between the cities and inversely proportional to the distance among them [22].
The stigmergic information exchange makes the colony smart enough to search for
the best solutions in a heuristic manner not only in the graph-defined approaches.
The canonic ACO has been willingly modified. For example the ant colony behavior
merged with beam search (which is a well-known tree search method) for open
shop scheduling has been proposed [4]. The ACO hybridization with constraint
programming (CP) and multilevel framework or auxiliary search space is also a well
known technique [3].

PSO was designed to imitate social mechanisms observable in swarms or flocks
consisting of more or less primitive individuals like birds, fish or insects [13]. Several
basic rules control the swarm behavior [16], mainly related to collective searching
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for a food and avoiding threats. The particle observes its neighbors, remembers its
searching history and explores new spaces driven by some objective function. The
PSO mathematical apparatus is very simple since it utilizes only basic arithmetic
vector operations with a dose of randomness [13].

The goal of this study is to propose and examine a methodology based directly
on swarm intelligence for segmentation of structures within medical imaging. We
try to take advantage of possible correspondence of the 2D or 3D image space to the
spatially-oriented PSO. The virtual agents exploring the image are stimulated by mul-
tiple factors, including the ACO-originating stigmergy. The paper describes imple-
mentation of the algorithm, experiments employing abdominal computed tomogra-
phy (CT) studies, and analysis of the obtained results. Several parameters have been
defined and analyzed for the swarm control with the awareness of the fact, that a lot
of others are left for possible future formulation.

In the study we first introduce the virtual swarm specification in terms of its mem-
bers, environment, parameters and auxiliary image processing techniques (Sect. 2).
Then, the evaluation protocol is established in Sect. 3, followed by presentation and
discussion on the obtained results. Conclusions are drawn in Sect.4 along with a
look at possible directions of the algorithm development.

2 Materials and Methods

The idea of the algorithm is to create a virtual swarm moving in a three-dimensional
space related to the topology of the medical image. After the seed point location and
parameters initialization, image preprocessing procedures are introduced (Fig. 1) in
order to prepare the environment for the swarm operations. The iterative swarm
motion is performed in the main loop in terms of the individuals particles movement.

2.1 PSO-Related Particle Movement Mechanisms

Each particle in the PSO algorithm has two main features in a D-dimensional
problem space [13]: current position x = {x;: i = 1...D} and current velocity
v = {v;: i = 1...D}, both initiated with random values. They are iteratively updated
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Fig. 1 Block diagram of the algorithm
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in accordance with:

vi =wv; + (X — x;) + c2ra (8 — xy), (L

Xi = x; +vi, 2

where wis the inertia weight, r;, r, € [0, 1] are random variables, ¢, ¢ are algorithm-
specific constants, X is the particle best location so far, and § is the global best location
reached by any particle within the swarm. The particles locations are evaluated using
a fitness function f (x) subjected to optimization. Once the swarm moves throughout
the environment, the communication mechanisms force the particles to search for
optimal locations in an intelligent way.

Here, the particle is a sphere of a radius R temporarily centered in x and moving
with velocity v. R is subjected to changes during the exploration with some limita-
tions assumed for its value. The particles are placed in the environment—the image
space—according to some predefined seed points, obtained in either, manual or auto-
matic manner. During the exploration of the volume, particles leave certain amount
of pheromone in visited places—indicate voxels that should belong to the resulting
mask of the structure. In each iteration of the algorithm the attractiveness rate r for
several selected voxels u; taken from the neighborhood A (x) of the particle (x, v)
is calculated as:

f fu N, Z
. b- -— 4+dm- —,
max(F) + max(F) te N, dm [lv]]

3)

r(w) =a

where: f denotes the amount of pheromone in u;, f;—the amount of pheromone on
the path between x and u;, F' is the matrix containing the distribution of pheromone
in the image space, N,, N, are the numbers of neighbors and agents defined in the
algorithm, respectively, z denotes the distance from the closest obstacle on the path
(if present; obstacles are related to the image and m is a multiplier selected randomly
from the set {—1, 1}. The most attractive new location u for the agent is selected:

a= argjil}.a.l.)zi/n {r(uj)} )

as it moves from x to .
The following main parameters have been introduced and tested:

Number of agents N, defines the size of the swarm moving inside the mask. If the
swarm is larger, we can expect the object to be segmented faster, yet the leak
probability increases.

Pheromone influence a is one of the main parameters in assessing the attractiveness
of the area. Its negative value discourages other particles from the already explored
area and by this encourages them to explore new places.

Pheromone evaporation ¢ during the exploration of the area particles leave
pheromone in visited places. Each particle leaves the amount of pheromone equal
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to (R — disty), where dist, denotes the distance between voxel p covered by the
agent and its center X. The pheromone successively evaporates; its amount f is
reduced at the end of each iteration:

f<f—e &)

Search radius s in millimeters determines the size of the area around the particle
destination u;, where all particles are recognized as neighbors. Large number
of neighbors decreases the area attractiveness and probability of other particles
displacement in this direction. A value of s should be moderate in order to affect
the movement.

Additional parameters considered in the method include:

The influence of pheromone on path » Current direction of the particle is also
influenced by the amount of pheromone on its way to the potential endpoint.
This mechanism favors the previously unexplored paths.

The influence of other particles ¢ The swarm intelligence idea offers some benefits
of communication between the particles. Since we want to disperse the swarm to
avoid duplication of visited area and expand the explored field, the stimuli should
be negative.

The influence of the path length d The swarm has been divided into two parts:

o the part preferring long paths: particles specialized in fast, although imprecise
exploration are responsible for the swarm movement and searching for new, large
areas;

e the part preferring short paths: particles designed for local exploration are
responsible for filling the mask and detecting contours.

Size growth rate The idea of the spherical particle volume increase—when it is in
a safe place (away from the structure edge)—has a positive impact on the time
of filling up the mask. The particle radius R is reduced upon collision in order to
help the agent get through to less accessible spaces.

2.2 Image Data Influence on the Particle Movement

The image features: intensity and gradient have also an impact on the particles move-
ment. Figure2 shows a sample axial slice of the original abdominal CT study and
its gradient. They determine restricted areas, which repulse the particle and make
it rebound from the boundary of the structure. Two types of restrictions may apply
here. On one hand, in case of binary features (e.g., a mask obtained at any pre-
segmentation phase), a possible move from one point to another is restricted if an
obstacle arises in-between. On the other hand, the real-valued features (intensity,
gradient) can stimulate the agent in a fuzzy way, e.g., the closer to the image edge or
surface indicated by a high gradient, the more intensive the repulsion affecting the
particle. In this study we employed the binary restrictions. The original image data
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(a) (b)

Fig. 2 Sample original slice (a) and the gradient image (b)

have been initially thresholded in order to obtain the binary volume containing the
spleen. The volume is then inverted, so the result indicates areas inaccessible for the
particle. The second type of obstacles arise from the gradient image thresholding.
Once the particle touches any obstacle, it immediately bounces back without leaving
any pheromone.

3 Results and Discussion

The algorithm implemented in Matlab® has been tested using a database of five
abdominal CT studies with spleen [11] delineated by an expert.' Intensity and gradi-
ent thresholds have been determined empirically for this kind of data at 60 Hounsfield
units (HU) and 5.5 HU/mm, respectively. All volumes subjected to the analysis have
been resampled in order to obtain a topology with a 2 mm linear voxel size in each
direction. The results were conducted by repeating the algorithm with different sets
of parameters. Each set was tested 5 times and the results were averaged to ver-
ify the repeatability. A total of 24 sets were tested (Table 1), yielding 120 runs per
study. Seven seed points were selected manually and their location did not change
throughout all runs. Two evaluation measures have been used—the sensitivity and
Dice index:

Sen -100 %, (6)

T
" TP+ FN

IDiagnostic context plays only a supporting role to the main research on the swarm algorithm.
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Table 1 Summary of tested parameters

Parameter Ny a e K
Tested values {300, 1500, 3000} {=2, -1} {0.00, 0.01} {2, 5}

Fig. 3 Illustration of a sample segmentation result. TP voxels in yellow, FN—red, FP—green.
Swarm parameters: N, = 3000,a = —1,e=0,5 =5

B 2.TP
~ 2.TP+FP+FN

- 100 %, )

where TP, FP, FN denote the number of true positive, false positive, and false neg-
ative voxels, respectively (Fig. 3). Figure4 shows the pheromone-marked voxels in
subsequent iterations, whilst combined sensitivity and Dice index plots in time for
different parameter sets are presented in Fig.5. A great and consistent progress can
be observed up to the ca. thirtieth iteration. Later iterations are responsible for the
external object surface smoothing and possible leaks. Table 2 presents a summary of
optimal parameter values based on the results analysis. As can be seen, the selection
of parameters depends on the image. The only universal parameter is the number
of particles, yet its value may depend on the segmented object size and character.
Nonetheless, swarms with 3000 particles worked most efficiently. It is possible that a
larger swarm would achieve better results yet, due to the computing time, increasing
number of particles is not an optimal solution.

The doubled value of pheromone influence a has a positive impact on the result of
segmentation, which forces the swarm members to communicate more extensively in
three out of five cases. The difference in evaporation rate e does not significantly affect
the algorithm sensitivity. However, in most cases, swarms achieve better results if the
evaporation has taken place. This may be due to the fact that during first iterations
there is a large randomness in the direction selection; thus, implementation of the
evaporation mechanism allows for further correction of non-visited areas. Searching
for other particles in some neighborhood also improves the algorithm performance.
Selection of the appropriate search radius s depends on the image.

We have to take into account that both, ACO and PSO are heuristic methods,
thus there is no guarantee for reaching the best solution. Such algorithms search
for the optimal solution with a high level of randomness. The results are unique,
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Fig. 4 3D visualization of the temporary segmentation result after 2, 10, 20 and 80 iterations.
Obtained by the swarm with N, = 3000,a = —1,e=0,5s =5
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Fig. 5 Combined sensitivity (a) and dice index (b) plots in time averaged throughout different
parameter settings

therefore difficult in verifying. In this study such an unrepeatability has been treated
with responsibility: the same sets of parameters have been applied five times. The
randomness puts the method application in medicine into question, where repeata-
bility of the results counts above everything else. Since our experiments employed a
specific kind of segmentation problem, it is hard to formulate conclusive statements
on generalized parameters settings. The development of a swarm intelligence-based
approach to the image segmentation should therefore involve various types of imag-
ing techniques and structures at the validation stage.

The use of the proposed solution is probably insufficient for diagnostic purposes
in its current form, but it may be an auxiliary tool for the radiologist. It is also
possible that the combination of the described method with other applicable Al or
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Table 2 Summary of the optimal parameter settings for individual studies

Image number Ng a e s Sen (%) D (%)
1 3000 -1 0 2 84 84
2 3000 -2 0.01 5 90 77
3 3000 -1 0 5 94 92
4 3000 -2 0.01 5 96 84
5 3000 -2 0.01 2 75 86

non-Al solutions would give satisfactory results. The method is very easy to modify
because of its specificity. Adding new particle movement rules can improve the
swarm efficiency. Going one step further we can risk hybridization of the method
with evolutionary algorithms. This would reflect the natural Darwinism in the virtual
population life, promoting more efficient individuals and removing the weak ones.

4 Conclusion

One of the purposes of this study was a verification if the particle motion randomness
improves the efficiency of the performed task (in this case segmentation). The answer
is not clear. Tracking the size and shape of segmented object shows that agents
disperse from the seed points evenly. This allows for time saving in comparison to
visiting all available voxels. There is a risk that at some stage the best direction could
be skipped and a particle moves in another direction. Therefore, randomness might
have a negative effect on the segmentation efficiency. However, the productivity of
the algorithm in terms of time resources usually compensates this drawback, since the
difference between the best of randomly drawn directions and the best of all available
directions is usually very small. The main advantages of heuristic methods are the
easily extensible number of criteria and the objective function adaptability. Although
the current implementation operates directly in 3D medical image space which is
not the most common case in this domain, one can imagine the swarm acting in a
space of a higher dimensionality. That might concern images of different modalities,
acquired during different examinations or employing various image features.
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