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Segmentation and Classification of Dot
and Non-Dot-Like Fluorescence in situ

Hybridization Signals for Automated Detection
of Cytogenetic Abnormalities
Boaz Lerner, Member, IEEE, Lev Koushnir, and Josepha Yeshaya

Abstract—Signal segmentation and classification of fluorescence
in situ hybridization (FISH) images are essential for the detection
of cytogenetic abnormalities. Since current methods are limited to
dot-like signal analysis, we propose a methodology for segmenta-
tion and classification of dot and non-dot-like signals. First, nuclei
are segmented from their background and from each other in order
to associate signals with specific isolated nuclei. Second, subsignals
composing non-dot-like signals are detected and clustered to sig-
nals. Features are measured to the signals and a subset of these
features is selected representing the signals to a multiclass clas-
sifier. Classification using a naı̈ve Bayesian classifier (NBC) or a
multilayer perceptron is accomplished. When applied to a FISH
image database, dot and non-dot-like signals were segmented al-
most perfectly and then classified with accuracy of ∼80% by either
of the classifiers.

Index Terms—Classification, cytogenetic abnormality, fluores-
cence in situ hybridization (FISH), image segmentation, multilayer
perceptron (MLP), naive Bayesian classifier (NBC).

I. INTRODUCTION

S ELECTIVE staining of various DNA sequences using fluo-
rescence in situ hybridization (FISH) allows the detection,

analysis, and quantification of numerical and structural genetic
abnormalities [1], [2]. Counting interphase FISH image signals
(also called dots or spots) representing the sequences enables
the detection of genetic numerical abnormalities, which is vital
in, e.g., clinical routine prenatal and tumor diagnoses [2]. For
example, DNA sequences comprising chromosome 21 in the
human cell are analyzed using dot counting in FISH images
in order to detect the existence of an extra copy of this chro-
mosome, thereby enabling Down syndrome diagnosis. Since it
is usually performed manually, the FISH procedure is tedious,
laborious, and time-consuming.

In recent years, systems computerizing FISH image analysis
and dot counting [3]–[5], as well as FISH signal classifica-
tion [6], [7], have been suggested. However, these systems are
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designed to analyze dot-like FISH signals. Since the conforma-
tion of the inspected sequence and hence, that of the fluorescent
signal, changes during DNA replication along the cell cycle [8],
non-dot-like signals are frequently found in many FISH appli-
cations including clinical routine [9].

On the one hand, current systems have difficulty in ana-
lyzing and classifying these signals accurately. On the other
hand, avoiding non-dot-like signals reduces the sample size and
thereby affects precision. Such avoidance may also extend the
duration of the analysis in order to collect the necessary number
of dot-like signals enabling reliable estimation of abnormalities.
Furthermore, an important application of FISH that exploits the
conformations revealed during DNA replication is the detection
of genetic imbalances such as deletions or duplications of whole
chromosomes [10], [11]. Consequently, avoiding non-dot-like
signals will undermine the accomplishment of this application.
Therefore, whether it is for dot counting or the identification
of genetic imbalances based on changes in DNA replication,
importance lies in analyzing non-dot-like along with dot-like
FISH signals.

In this paper, we extend previous research [6], [7] by defining
dot and non-dot-like signal types and developing a methodol-
ogy allowing the segmentation and classification of these signal
types. Classification is performed by the multilayer perceptron
(MLP) neural network or the naı̈ve Bayesian classifier (NBC).
Density for the latter classifier is estimated employing a para-
metric, semiparametric, or nonparametric method. Before sig-
nal classification, we segment nuclei from their background and
separate clusters of nuclei. Signals, as well as subsignals form-
ing non-dot-like signals, are detected on separated nuclei; the
subsignals are clustered into signals. Features of shape, size,
and intensity are measured for the signals. From these features,
a subset is selected using a greedy method suboptimizing both
the content and size of the subset. Finally, the most compact and
accurate feature representation of the signals is classified into
types. The complete methodology is summarized in Fig. 1.

We focus on the novel issues concerned with non-dot-like
signal classification and limit the description of all other aspects
of the problem. In addition, we leave the application of the
suggested methodology to dot counting to another paper and
refer the interested reader to [3]–[5].

The contribution of the paper is mainly in the segmenta-
tion and classification of non-dot-like FISH signals, as previ-
ous study dealt only with dot-like signals. Non-dot-like signals
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Fig. 1. Flowchart of the methodology of image segmentation and classification
of dot and non-dot-like FISH signals.

exemplify a range of conformations that are significant in the
diagnosis of cytogenetic abnormalities. Also, they exist in many
cells and, thus, cannot be overlooked, posing additional hardship
to FISH image analysis and classification. In order to detect and
classify dot and non-dot-like signals, we also develop or modify
methods of subsignal clustering and cluster validation as well
as fast, greedy feature selection. For the other aspects of the
problem, we adopt known methodologies.

We begin with a brief description of the cytogenetic domain
in Section II. Then, we outline nucleus and signal segmentations
in Sections III and IV, respectively, before presenting feature se-
lection and signal classification in Section V. We experimentally
investigate classification of dot and non-dot-like signals using
either the NBC or MLP classifier in Section VI and conclude
the study in Section VII.

II. CYTOGENETIC DOMAIN

A. Genetic Background

When applying FISH to interphase human cells, the con-
formation of a fluorescent signal changes during the S-phase
of the cell cycle in an ordered manner [8], [9]. In the begin-
ning of the cell cycle, the fluorescent signal appears as a single
dot (“singlet”; S), representing a prereplication state. At the
end of the cell cycle, the signal adopts a bipartite structure
or “doublet” (D) representing a postreplication state. Between
these two phases of the cell cycle appear two additional signal
conformations that are more easily detected when large probes
like α-satellites are used. These conformation types, namely R1
and R2, appear as a large rounded beaded signal followed by
an elongated rod-like beaded signal representing, respectively,
preparation for, and ongoing, replication. Each of the R1, R2,
and D signals is composed of a different setting of subsignals
that defines this non-dot-like signal. The S signal however is a
dot (Fig. 2).

Usually, and especially for small probes, it is difficult to dis-
tinguish between the S and R1 signal types as well as the R2
and D types. This is the reason why the majority of work us-
ing FISH has dealt only with the S and D conformations by
either ignoring the other two shapes or summing the S and
R1 signals and the R2 and D signals into two “new” S and D
types, respectively [12]. Following this cytogenetic convention,

Fig. 2. Gray-level FISH images of the signals associated with the replication
stages. The S signal is dot-like, whereas R1, R2, and D are non-dot-like signals.

we identify these two types with classes S* and D*, respec-
tively. Additionally, we cast all noise signals in the image (e.g.,
artifact signals due to light scattered from other optical focal
planes) in a third class. Thereby, we establish a three-class clas-
sification problem for distinguishing between dot and non-dot-
like FISH signals. After classification, real signals are used in
dot counting and noise signals are removed from the analysis.
This approach is both accurate and computationally inexpensive,
and it saves image processing stages that are commonly used
[5], [13, Ch. 21].

B. Materials and Methods

Peripheral blood samples (4–5-mL whole blood) were pre-
pared for karyotype analysis and FISH examination by regu-
lar cytogenetic methods. Briefly, the samples were incubated
in RPMI medium supplemented with 5% fetal calf serum
(FCS), 2.5% phytohemaglutinin (PHA), and 1% antibiotics in
a 37 ◦C chamber. After 72 h, colchicine (final concentration
of 0.1 µg/mL) was added to the culture for 1 h followed by
hypotonic treatment (0.075 M KCL at 37 ◦C for 15 min) and
four consecutive washes in a fresh cold fixative solution (3:1
methanol:acetic acid). The lymphocyte suspensions were stored
at −20 ◦C until used. Cell suspensions were dropped on pre-
cleaned dried glass slides and air-dried.

We used the commercially available centromere-specific
probe DXZ1 (CEPX, Vysis) that consists of α-satellite se-
quences specific for the X chromosome and labeled with spec-
trum green and a similar probe for the Y chromosome labeled
with spectrum orange. On each sample, a mixture of 5-µL
specific probe was poured on the slides, covered with a 12-
mm circle cover glass, and sealed with rubber cement. Co-
denaturation was done at 76 ◦C for 6 min followed by incuba-
tion in a 37 ◦C moist chamber for 17 h. After hybridization,
slides were washed in a salt solution (0.4× SSC) at 67 ◦C
for 2 min, followed by a 1-min wash in a second solution
(2× SSC/0.1% NP40) at room temperature in order to wash
out nonspecific bounded and residual probe. The slides were
allowed to dry and then counterstained with 10 µL of 4′,
6-diamidino-2-phenylindole (DAPI, Vector) diluted in an an-
tifade solution.

Thirty-four images from two slides were analyzed using an
Olympus BX51 fluorescent microscope fitted with a triple band-
pass filter (Chromatechnology) for the simultaneous detection
of the blue-DAPI nuclei, spectrum green, and spectrum orange
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signals. The automatic system extracted from the images 367
signals that were used for training and testing the classifiers (see
Section VI). The morphology of the signals as S, R1, R2, D, or N
(noise) was recorded for each cell by a cytogeneticist, and signal
labels were converted into labels S* (S+R1), D* (R2+D), or
N. The labels are required for training and testing the automatic
system.

III. NUCLEUS SEGMENTATION

Nucleus segmentation is the first stage in analyzing the FISH
image (Fig. 1). Since DAPI nuclei appear mainly in the blue
channel of the RGB (red-green-blue) image, we segment nuclei
in this channel. First, we separate isolated and clustered nuclei
from their background and then separate nucleus clusters. As
nucleus segmentation is minor to our methodology and the ap-
plication of common methods has yielded satisfactory results,
we apply here these methods without modifications. Hence, we
also avoid lengthy explanations.

In order to segment nuclei from their background, we first
eliminate image noise by a 3× 3 averaging filter. Second, we
enhance image contrast by adding the top-hat filtered image
to the image and then subtracting the bottom-hat filtered im-
age [14], where both filtered images are derived using a disk-
shaped structuring element of radius 20. The value of this latter
parameter was set based on preliminary experiments. Then, we
globally threshold the image using the Otsu method [15], in
which the gray level assuring the highest ratio of background
to object variance is selected as a threshold. This method has
already been applied in FISH image analysis [5]. The resul-
tant image contains isolated and clustered nuclei that have been
separated from the background.

To separate nucleus clusters, we apply the watershed algo-
rithm to the binary image distance transform [16]. This algo-
rithm is efficient in separating touching and overlapping ob-
jects [5], but it also tends toward oversegmentation. To rectify
this problem, we merge oversegmented nuclei based on their
measure of compactness (circularity) [13]. First, we find all ob-
jects (i.e., potential oversegmented nuclei) in the image having
compactness smaller than the average compactness. Second, we
merge each such object to its closest object if the compactness
of the merged object is larger than that of either of the single
objects. Following this heuristic merging procedure, overseg-
mented nuclei are correctly segmented. Finally, we fill small
holes in the nuclei and remove small (unfocused) nuclei and
nuclei that are cut by the image boundaries, as both are inap-
propriate for signal analysis.

IV. SIGNAL SEGMENTATION

Signal segmentation is performed after nucleus segmenta-
tion (Fig. 1) on each of the separated nuclei. The segmenta-
tion procedure is object-based and it consists of the detection
of signals as well as subsignals forming non-dot-like signals
(Section IV-A) and clustering the subsignals into signals
(Sections IV-B and IV-C).

Fig. 3. (a) An example nucleus, (b) the subsignals detected for this nucleus,
and (c) the final segmentation of the signals (emphasized by white ellipses).

A. Signal and Subsignal Detection

The number of pixels representing a signal in a FISH nucleus
image is much smaller than the number of nucleus (or back-
ground) pixels. A typical signal may contain 40 pixels whereas
a typical nucleus may have 10,000–20,000 pixels. Thus, the
peak of the signals in the image histogram is hardly recog-
nized and the location of an optimal threshold is difficult to
determine. The result is that the conventional threshold-based
segmentation methods cannot be readily applied to FISH signal
segmentation and, hence, they usually require accompanying
pre- or postprocessing. This is why we preferred to perform sig-
nal segmentation using a multiresolution image pyramid [17],
which is a stack of consecutive smaller replications of the image
with size and resolution decreasing exponentially. The pyramid
is achieved by first zero padding the image to have a power of
two numbers of rows and columns, and then repeatedly averag-
ing 2× 2 blocks of a pyramid level in order to create its higher
level. The lowest level is the zero-padded image itself. The ad-
vantage in segmenting a pyramid is mainly computational since,
e.g., instead of detecting a border in the full-resolution image,
we use a lower resolution (high level) image for the detection
and project the border back from the highest-level image until
the full-resolution image.

Each pyramid image is thresholded using the Otsu method
[15], and foreground pixels defining objects are connected. Pro-
jection down the pyramid is performed consecutively to the next
lower level by interpolation in factor 4 (which for a binary image
is nothing but upsampling) until obtaining an image having the
original size. After each projection and before the next one, we
change a pixel of the object (background) boundary to a back-
ground (object) pixel if the corresponding pixel in the gray level
image is closer to the average background (object) gray level
than to the average object (background) level. We repeat this
update for five times similarly to [17]. The result of subsignal
detection is illustrated for an example nucleus in Fig. 3(b).

B. Subsignal Clustering

We combine the detected subsignals into non-dot-like signals
assuming subsignals of a signal are closer to each other than
to subsignals of another signal. We cluster the N subsignals
found in a nucleus into K clusters representing the signals by
minimizing the sum-of-squared clustering-error [18]. This is
the sum of squared Euclidean distances between the center of
each subsignal xi ∈ R2, i ∈ [1, N ] and center mk, k ∈ [1,K]
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Fig. 4. Clustering of the subsignals of the image in Fig. 3(b) based on increas-
ing numbers of clusters—from one (top-left corner) to the number of subsignals
(nine in this case in the bottom-right corner). Each partition is optimal with
respect to the clustering error for the specific number of clusters. The manually
superimposed white ellipses demonstrate and enclose all subsignals clustered
to a signal but should not be used to infer about cluster centers.

of cluster (signal) Ck containing xi

E(K) =
N∑

i=1

K∑

k=1

I(xi ∈ Ck) ‖xi − mk‖2. (1)

I(X) = 1 if X is true and 0 otherwise.
We adopt the global k-means algorithm [19] that starts with

the mixture mean as the first cluster center and adds incremen-
tally the subsignal that as the next cluster center, together with
previous cluster centers, minimize (1). The procedure contin-
ues for increasing numbers of clusters until this number equals
that of the subsignals, hence providing the optimal partition
(clustering) for each value of (the unknown) K. This algorithm
differs from the original k-means algorithm [18] that starts from,
and depends on, K arbitrary initial centers. Thus, the original
algorithm requires the examination of different sets of initial
positions. The global k-means algorithm overcomes this flaw
by adding clusters incrementally based on the optimal configu-
ration of the previous iteration.

There are two changes that we make to [19]. First, we identify
the first cluster with the subsignal most distant from the mixture
mean, rather than the mean itself. This is because the nucleus
image is sparse having only a small number of subsignals and
choosing the mean as the first cluster usually renders this cluster
empty. Second, and for the same reason of small number of
subsignals, we avoid repetitive recalculation of the centers for
each partition. This latter change cuts the execution run-time
considerably, but it is only possible in applications such as ours
where the number of objects to cluster is relatively small. Fig. 4
shows partitions of the subsignals of the image in Fig. 3(a)

Fig. 5. Clustering error associated with each signal partition of Fig. 4.

when the number of clusters increases from one to the number
of subsignals.

C. Cluster Validation

In order to decide on the most appropriate partition of subsig-
nals into signals, we perform each partition for K ∈ [1, N ] and
compute its corresponding clustering error (1). A low value of
the error reflects good partition for which signal centers are close
to the subsignals comprising each signal. Nevertheless, E(K)
decreases monotonically with K (Fig. 5), and too low values are
associated with partitions assigning clusters to subsignals rather
than to signals. Therefore, employing (1) to choose the optimal
number of clusters should be balanced by, e.g., adding a penalty
term that punishes partitions with too many clusters.

Alternatively, we propose using a criterion that is very simple
and fast to implement, also providing good results. Since we
expect E(K) to decrease rapidly until reaching the correct (un-
known) number of clusters, K∗, and then continue decreasing
slowly toward zero [18], we determine the number of clusters
based on the maximal change in (1), i.e.,

K∗ = arg max
1≤K≤N

(E(K − 1) − E(K)) . (2)

This criterion relates to the partition for which the removal of
a specific subsignal from a cluster is the most influential on (1).
In Fig. 5, the maximal change is similar to both two and three
clusters; thus, the most appropriate partition is based on three
clusters1, and the corresponding partition appears in the third
subfigure of Fig. 4.

To evaluate the whole procedure of signal segmentation, i.e.,
signal and subsignal detection by a pyramid, subsignal cluster-
ing, and cluster validation, we apply it to the database described
in Section VI. Table I shows that in comparison to the cytogeneti-
cist, more than 98% and 93.0% of the signals belonging to the S*
and D* classes, respectively, are segmented correctly. That is,

1If more than one partition has the maximal value, we choose the one asso-
ciated with the highest number of clusters.
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TABLE I
SIGNAL SEGMENTATION ACCURACY COMPARED TO THE

CYTOGENETICIST EVALUATION

automatic signal segmentation is highly accurate, where, on av-
erage, only 3% of the signals are wrongly segmented. Fig. 3(c)
shows the result of complete segmentation of the signals of
Fig. 3(a).

V. SIGNAL CLASSIFICATION—METHODOLOGY

In this section and the next, we describe, respectively, our
methodology of dot and non-dot-like signal classification and
the corresponding experimental results. We explore the naı̈ve
Bayesian classifier (NBC) and multilayer perceptron (MLP) in
dot and non-dot-like FISH signal classification. Discrimination
is performed by a three-class classifier.

We first suggest a feature selection method to choose a well-
discriminative subset from feature representation of the FISH
signals (Section V-A). Then, we briefly review the MLP classi-
fier and the NBC (Section V-B).

A. Feature Selection

A set of 21 features of size, shape, and intensity similar to
those in [6] is measured for the signals. Since these features
have statistical dependence among them and due to the curse-
of-dimensionality, feature selection should be applied to the
feature set. Following feature selection, a small subset of most
informative features enables high classification accuracy using
minimal resources.

Feature selection requires two components—a procedure to
search candidate feature subsets and a criterion to evaluate each
such subset. We use the classification accuracy, whether of the
NBC or MLP, as the criterion, although other criteria may also be
used. Since exhaustive search is an impractical procedure even
for moderate feature sets and subsets, we propose a “greedy”
search algorithm that practically provides good approximation
to the optimal subset. The algorithm starts with an empty fea-
ture subset (which is the first “current” subset). It evaluates all
features in turn, finds the one having the highest value of the
criterion, and adds it to the current feature subset. All remain-
ing features are kept aside. Then, in each iteration and until no
features remain, the algorithm evaluates which of the remain-
ing features when combined with the current subset provides
the highest value of the criterion. This feature is added to the
current subset and simultaneously excluded from the remaining
features. The current subset and the value of the criterion for this
subset are both recorded. When no features remain aside, we
select the feature subset achieving the highest value of the crite-
rion from among all subsets each having the highest value of the
criterion for a specific number of features. Thereby, we (sub-)
optimize the feature set with respect to both content and number

of features. The experiments reported in Section VI confirm the
accuracy of the method as well as its speed and practicality.

B. Classifiers

1) Multilayer Perceptron Neural Network: The MLP classi-
fier approximates the a posteriori probability of class member-
ship by minimizing the error between the network output and the
desired target (label) [20]. Working with a two-layer perceptron,
the network input is fed by the optimal feature representation,
the output layer maps this representation onto the target space,
and the hidden layer performs internal feature extraction that
alleviates the classification task along with increasing its accu-
racy. Learning is performed using the scaled conjugate gradient
algorithm [20].

2) Naı̈ve Bayesian Classifier: The NBC assumes that all vari-
ables (features) are conditionally independent given the class
variable, and thereby decomposes the posterior probability [18].
To compute the posterior, the NBC uses the training set in or-
der to estimate the priors of class memberships using the rela-
tive frequencies of signals belonging to the classes. The train-
ing set is used also to estimate 1-D class-conditional densities
for the variables. We compare parametric, semiparametric, and
nonparametric density estimation methods, exemplified, respec-
tively, by single Gaussian estimation (SGE), a Gaussian mixture
model (GMM), and kernel density estimation (KDE) [20]. SGE
assumes the data are generated from a single normal distribu-
tion, the GMM estimates the data using a few Gaussians having
adaptable parameters, and the KDE models the data using a lin-
ear combination of kernels each being located around a training
signal. We identify the classifiers as NBC-SGE, NBC-GMM,
and NBC-KDE, respectively.

VI. SIGNAL CLASSIFICATION—EXPERIMENTAL STUDY

We established a database of 34 labeled FISH images
(Section II-B) that after nucleus and signal segmentations con-
tained 367 signals. Based on labels provided by the cytoge-
neticist, 118, 106, 43, 44, and 56 signals were considered as
belonging to S, R1, R2, D, and N (noise), respectively. That is,
the classification problem was based on three classes S*, D*,
and N having 224, 87, and 56 signals, respectively.

For each of the NBC-SGE, NBC-GMM, NBC-KDE, and
MLP classifier, we determined the optimal subset of features
and model parameters using the classification accuracy. Since
simultaneous optimization over the feature space and param-
eters was computationally infeasible, we first optimized each
classifier with respect to the optimal feature subset and then
with respect to the parameters.

The classification accuracy is measured using the 5×2cv test
[21]. In this test, we create five random replications of the data
and perform, using each replication, a twofold cross-validation
experiment, i.e., divide the data into two equal sets (folds),
train on one set, and test on the other set before changing the
roles of the sets. The reported accuracy is the average over the
ten folds. This test, having low type I and type II errors, is
recommended [21] for deciding which of the two classifiers is
more accurate when the sample size is small.
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Fig. 6. MLP classification accuracy for sets of increasing numbers of optimal
features.

Fig. 6 shows the results of applying the accuracy of the MLP
classifier in order to select a feature subset (Section V-A). Fig. 6
demonstrates that the MLP test accuracy increases when in-
cluding in the subset more discriminative features until a certain
point from which the accuracy deteriorates due to the curse-
of-dimensionality.2 This point determines the optimal feature
subset with respect to both content and number of features. The
MLP classifier overfits the data as exemplified in the increasing
difference between the accuracies on the training and test sets for
increasing sizes of feature subsets. However, it is sensitive to the
curse-of-dimensionality only slightly, as is demonstrated in re-
taining test accuracies close to the ultimate accuracy for a broad
range of sizes of feature subsets. However, practically, in order
to improve the classification accuracy further by utilizing more
features albeit the curse-of-dimensionality, we should increase
simultaneously the number of signals used. This conclusion is
supported by the theory [20] and numerous other studies and it
is more prominent for small databases as ours.

Based on the classification accuracy and the same methodol-
ogy, we also selected features for the NBCs. Then, we optimized
each classifier parameters. That is, we selected a GMM having
seven Gaussians that was trained for a single iteration of the EM
algorithm and a Gaussian width that decreased with the square
root of the number of signals for the KDE. For the MLP, we
chose a single hidden layer with 11 hidden units and a stopping
criterion, which is difference of 10e-4 between mean-squared
errors of consecutive training epochs.

Table II shows test accuracies of the classifiers utilizing their
optimal parameters and feature subsets. The accuracies are sim-
ilar with some advantage to the MLP; however, this advantage
is not statistically significant according to the test suggested
in [21]. We may also deduce that the assumption of feature in-
dependence, which was made by the NBC, did not deteriorate
its accuracy significantly compared to the MLP.

2The curse-of-dimensionality is a phenomenon in pattern recognition [20] in
which classifier accuracy for a fixed-size dataset declines from a certain point
with the number of features used to represent the patterns.

TABLE II
AVERAGE ACCURACIES (AND SD) OF THE FOUR STUDIED

CLASSIFIERS OPERATING EACH WITH ITS OWN OPTIMAL FEATURE SUBSET

AND PARAMETERS

TABLE III
MLP CONFUSION MATRIX (ACCURACY (%) MEAN AND SD).

Finally, we analyzed confusion matrices for the classifiers.
For example, the confusion matrix of the MLP classifier
(Table III) shows an advantage in classifying signals of class
S* compared to those of D* and N, mainly since the former
class has around 2.5 to four times more signals than the lat-
ter two classes, respectively. Analyzing matrices for the other
classifiers, we observe that the main difference between the
classifiers is their accuracy on the N class.

VII. DISCUSSION

We have proposed a methodology for the segmentation and
classification of dot and non-dot-like FISH signals that is ap-
propriate for the detection of cytogenetic abnormalities. We first
segmented nuclei from their background and from each other
and then segmented signals and subsignals on a nucleus and
clustered the subsignals into signals. Signal segmentation was
almost perfect. Then, we classified the signals based on a sub-
optimal feature representation to one of two known cytogenetic
classes or as noise. FISH signal classification was accomplished
using each of three NBCs utilizing different density estimation
mechanisms or an MLP classifier. The four classifiers achieved
almost identical accuracies (around 80%).

For studying non-dot-like FISH signals, we used a previously
acquired database, and we have had to cope with its smallness.
One of the main tasks of current research is the enlargement of
the database. This will enable achieving higher accuracy that
is needed in clinical inspection. Since most of the suggested
methodology is probabilistic (i.e., feature selection and classifier
training and test), the enlargement of the database is expected
to increase the classification accuracy.

Finally, the similar accuracies of the classifiers as shown in
this study suggest that possible improvement to the proposed
methodology should be sought in signal segmentation as well as
feature description and selection and not in signal classification.
Current research also aims at establishing a dot and non-dot-like
classifier-based FISH dot counter.
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