
 Abstract---A multinet system, comprising SOM’s 
linked via Hebbian connections, has been designed and 
implemented for automatically annotating and 
retrieving cell migration images.  The annotation and 
retrieval of such images is a knowledge-based task that 
involves well-developed visual acuity possessed mainly 
by experts.  Textual information collateral, especially 
compound keywords used in image captions and 
elsewhere in the text comprising images, to published 
fluorescent and electron microscopy images is used to 
train one SOM in the multinet and the other SOM is 
trained by visual features, specifically colour moments 
of the image. A corpus of 73 images and collateral 
texts was collated and the multinet system was trained 
to learn the association between visual features. A 
comparison with k-means classification system and a 
‘monolithic SOM’, trained with a vector that 
comprises both visual and collateral textual 
information, shows that the multinet SOM system 
tends to outperform the two systems by a factor of two 
in correctly annotating the images.   

I. INTRODUCTION 

ECENT developments in molecular medicine, 
especially therapy at cellular level, relies extensively 

on the images of cells moving or ‘patrolling’ within an 
animals body [1]. Fluorescent and electron microscopy 
systems have large electronic data storage systems that 
can capture a large number of cell migration images [2]; 
some of these images are selected by experts, captioned 
and discussed in research papers and in patient notes.  
There is an urgent need to develop systems that can 
automatically annotate the cell migration images such that 
these images can be retrieved a community that not only 
comprises experts who took the images but other 
researchers and therapists.   

The capture, classification and annotation of cellular 
images is a knowledge-based task where experts bring to 
bear the knowledge of the domain [3] or the knowledge of 
how to segment a cellular image into foreground and 
background components [Jaisimha23].  Neural networks 
have been used in the segmentation of cellular images 
using both SOM’s [3] and multi-layer perceptrons [4].  
We have recently reported how we have used a 
hierarchical SOM system for segmenting cell images [5]. 
                                                 

 C. Zheng and K. Ahmad are with the Computer Science, Trinity 
College Dublin, Dublin2, Ireland (Chaoxin.zheng@cs.tcd.ie; 
khurshid.ahmad@cs.tcd.ie) 

A. Long, Y. Volkov, A. Davies, and D. Kelleher are with the Clinical 
Medicine, Trinity College & Dublin Molecular Medicine Centre, St’ 
James Hospital, Dublin8, Ireland (along@tcd.ie; yvolkov@tcd.ie; 
amitche@tcd.ie; dermot.kelleher@tcd.ie) 

A.  Image Annotation 

A self-organizing map (SOM) [6] facilitates data 
visualization technique by its ability to represent the 
distribution pattern of input in a self-organizing manner 
[7]: A SOM generates a topological mapping from the 
input space to the output space [8]. Given that a SOM 
learns using an unsupervised learning algorithm, therefore 
it does not depend on the ‘presumptive heuristic rules 
derived anatomical meta-knowledge of how classification 
decision should be made’ [9]. SOMs have been used for 
document organization [10] and for (biomedical) image 
retrieval [11, 12].  

Image retrieval systems can be broadly classified into 
text-based and contents-based retrieval systems [13].  The 
so-called text-based methods rely on annotating images 
with keywords that are manually attached by human 
indexers or keywords that are extracted from captions 
associated with an image on the basis of information 
retrieval metrices [14]. The term content-based system is 
mildly misleading in that the content of the image is 
construed to be the distribution of colour, shape and 
texture in a given image. Such systems include Simplicity 
[15], CLUE [16], MARS [17]. Both systems have 
limitations: The keywords used in a text-based system 
may or may not be related to the objects and events 
depicted in an image – no reference is made here to the 
visual features of the image. The contents based systems 
are known to be limited in that physical (visual) features 
invariably constrain an image; also, retrieval in such 
systems relies on the user providing a set of visual 
features as query – something which is not very practical 
in the case of novel images like that of cell migration. 

We have used a multinet system that learns not only to 
classify images and keywords associated with an image, 
but also learns the association between the visual features 
and keywords [18]. The keywords are extracted from 
research papers in which the images are embedded: we 
have used closely collateral texts, especially the caption of 
an image and references to the image within the text, and 
broadly collateral texts, specifically the title of the paper 
and other papers cited in the text. The multinet system 
comprises two SOM’s connected together with Hebbian 
links – the Hebbian links simulate cross-modal processing 
in that given a set of keywords as query, the system will 
retrieve images (text-to-image), and given a set of images 
the system can retrieve keywords (image-to-text). Such 
systems outperform monolithic single net systems and 
systems trained on conventional learning algorithms like 
k-means.  

B. Cell Migration 

A group of white blood cells, T cells as lymphocytes, play 
a critical role in facilitating immune systems cell-mediated 
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immunity. The T-cells have to move or patrol the body: 
the locomotion involves efficient repeated cycles of 
interactions between an integral membrane protein within 
the cells (known as integrin or integrin receptors) and 
ligands (a molecule that binds to a site on a 
macromolecular surface). These repeated cycles of 
interactions mediate ‘cell adhesion and detachment, 
intracellular signaling cascades orchestrating 
posttranslation modifications of interacting proteins, 
dynamic reassembly of participating cytoskeletal elements, 
and structural support of associated scaffolding 
molecules’ 2]. The authors of this paper involved in 
molecular medicine are pioneering a multi-disciplinary 
study of T-cell migration that includes ‘live cell imaging’, 
nanontechnology, cell transfection, and protoemics. Our 
imagery studies have helped us to find the spatial 
distribution of a class of proteins, scaffolding protein CG-
NAP/AKAP450, is expressed especially in the T 
lymphoma cell line [19]. We have studied both individual 
cells and cell populations; we note that there is 
considerable interest in the study of single cell migration 
[20]  

This paper is the result of interdisciplinary work 
dedicated to the study of cell migration – this time 
extending the scope of collaboration to computer vision, 
natural language processing, and neural computing.  A 
prototype system, based on hierarchical SOM’s, for image 
segmentation of live cell-images has been developed that 
involves automatic image analysis and unsupervised 
learning: this system shows that a hierarchical SOM in 
effect learn various functions of an image analysis system 
directly from the training data [5].   

We believe that live-cell image segmentation studies 
are complementary to the studies of how to automatically 
annotate a corpus of live-cell images. The automatic 
annotation will help molecular and system biologists with 
fast and efficient access to the corpus and in the 
annotation of unseen live-cell images. This is the burden 
of argument in the paper. 

C. Overview of the System 

Our proposed cross-modal information system for cell 
migration images comprises two SOMs connected 
through Hebbian links. One SOM is used to train the low-
level (visual) features of images, and the other learns the 
description (linguistic features) of the same images.  
Meanwhile, the Hebbian link is reading a unit from each 
SOMs, increasing the association between the two units, 
and thus a connection between the two SOMs is 
subsequently created. These links will be further used to 
evaluate the system’s ability in annotating images with 
linguistic features and retrieving images with these 
linguistic features. 

II. METHODS 

A. Image Analysis 

Image analysis typically requires the computation of 
colour distribution within an image, the distribution of 
various shapes, and the different textures that exist within 
an image. We will describe why for live-cell images one 
has to focus on colour distribution only.  

The processing of live-cell images, often stained for 
improved diagnostics, depends upon the colour model 

used to describe especially the chromaticity and brightness. 
We use the exhaustive colour models that have their roots 
in the International Council of Illumination (CIE): it is 
well known that the use of the three primary ‘colours’ (red, 
green and blue) and does not create a perceptually linear 
space whereby a change of the same amount in say, red or 
green or blue, does not produce a change of the same 
visual importance [21].  

The use of the RGB space, though useful in capturing, 
storing and displaying images, it is usually not 
recommended for feature extraction in pattern recognition. 
A colour space derived from the RGB space onto CIE 
L*u*v* space – this space includes the lightness of colours 
(L*). Images are converted from the RGB space to the 
CIE L*u*v* space, where the image features are extracted 
subsequently. Conversion from RGB to CIE L*u*v* can 
be found in [22]. 

Images of live-cells are quite complex and a 
foreknowledge of the shapes and background is critical to 
the analysis [23]: most live-cell imaging requires a set of 
heuristics for the analysis, especially for segmenting cells 
from their background – in our case the situation is made 
more complicated due to the adhesion of a cell of interest 
to others for instance. Our work on segmentation of 
migrating cells complements the automatic annotation 
reported in this paper – we will, therefore, be focusing on 
colour features for describing a live-cell image. In this 
respect, it has been argued that visual features used for the 
automatic recognition of an object within an image, and 
by implication for image annotation, should be 
independent of the object’s ‘position, size, and 
orientation’ [24].  

In related studies on the classification of chromosomes 
it has been suggested that an invariant feature 
representation be chosen that can incorporate translation, 
scale and rotation invariance [25] and should be facilitate 
multilevel representation for describing shapes of objects 
within an image together with having ‘low noise 
sensitivity’ [26].  Essentially such a robust representation 
is built upon the projection of digital image function, say 
f(x,y) where x and y are coordinates, onto the monomial 
xpyq  (the so-called regular moments) or onto a set of 
orthogonal polynomials (the Zernike polynomials for 
example) defined over the polar co-ordinate 
transformation of x and y inside a unit circle – the so-
called Zernike moments that have the above mentioned 
invariance properties.  We have created an image feature 
vector using the Zernike moment each colour component 
of the CIE L*u*v* space following [27]. 

B. Linguistic Analysis 

Live-cell images are published typically in a journal paper: 
each image is accompanied with a fairly detailed caption 
comprising largely of keywords related to the names of 
the cells and their properties together sometimes with 
brief reference to image capture techniques. Each image 
(or figure) is referred to in the main body of the text: 
usually there are a number of observations by the authors, 
again comprising names of the cells and associated 
processes and details of experimental techniques and 
reference to one or more images in parentheses.  The title 
of the paper, and the names of authors, also is an 
important type of text collateral to all the images in the 
text. For us, the caption of an image is closely collateral 



text, and the descriptions of the image and the title of the 
paper are broadly collateral text.  

In our work we automatically extract keywords, both 
single and compound keywords, using frequency 
distribution of the words and statistics associated with 
frequency; such techniques are used extensively in 
information retrieval where frequency criterion are used 
to semi-automatically identify key terms. Furthermore, 
there are a number of heuristics that can be used for 
extracting compound terms; for example, most compound 
terms comprise at least one single word term that is used 
most frequently within a given specialism. It has been 
noted that each specialism has its own signature terms 
[28]: in cell migration studies we have ‘cell’, ‘migration’, 
‘actin’, ‘cytoskeleton’, and ‘integrin’ as most salient terms 
within a corpus of 100 journal papers on cell migration, 
comprising 300,000 words. The salient terms form a large 
number of compounds that are statistically significant.  
An automatically elicited snap shot of the ontology of the 
cell migration domain based on our corpus shows typical 
significant compound terms formed from key words.   

The statistical significance is computed by looking at 
the collocational frequency of two (or more words) within 
a compound within a window of five words either side of 
a signature term: the collocation strength is then 
calculated using mutual information related statistics. One 
can also use a heuristic, that is applicable to the English 
language, that specialist compound terms seldom have 
closed class words within the compounds: the closed class 
words, loosely described as stop-list, comprise 
determiners (a, an, the), conjunctions (and, but), and 
pronouns (he, she, it) – this heuristic can be used to 
extract terms that may be rarer and do not have the 
collocational strength of the more frequent compound 
terms. This corpus based approach ensures that new terms, 
published in forthcoming publications, can be 
automatically included. We have created feature vectors 
comprising compound terms only for this study. 

The simplest way for extracting the linguistic feature is 
to build a binary vector with the dimension of the total 
number of significant compounds. Each element has the 
value of 0, with the meaning that the corresponding 
compound does not exist in the document, or 1, when the 
compound is presented. With the huge dimension binary 
vector constructed due to the large number of significant 
compounds, this does not appear to be the most efficient 
way for describing a document. Consequently, one 
intuitive solution is to create a vector having a weighted 
representation of the compounds by their frequency by 
partitioning the extracted compounds in divisions. The 
partition could be either linear or nonlinear such as 
logarithmic, which is used here because ‘the logarithmic 
partitioning can encapsulate the main compounds of the 
document collection, while keeping the non-important 
compounds in a large division’ [29]. 

C. Annotation Model 

We have used Kohonen’s self organizing map (SOM) [6]. 
The SOM learns and nonlinearly maps data from one 
space (usually higher dimension) to another space (lower 
dimension). SOM’s are trained using the so-called 
unsupervised learning algorithms where the nodes in a 
network compete to ‘win over’ a given input vector [30]. 
The SOM consists of an input layer, an output layer, and 

the projection containing different weights from the input 
to the output. The projection preserves the topological 
order in the input space, and thus similar input data will be 
mapped on the same unit or the nearby units on the output 
layer [31].  
SOM’s are typically trained as follows:  
(i) an input vector from the input layer is selected at each 
iteration and mapped to the output layer through the 
weights;  
(ii) on the output layer the best matching unit (BMU), the 
unit that is closest to the input, is activated; and  
(iii) adjust the weights of all the units that is near the 
BMU. 

The above algorithm involves the search of the BMU 
and facilitates weight updating.  The search is affected by 
the pattern in which the distance between the input data 
and the units on the output layer. The distance could be 
measured by Euclidean distance, dot products, or 
Manhattan distance. The weight updating depends on the 
neighbourhood function and the learning scale. The 
neighbourhood function determines the number of units to 
be updated near the BMU, and it could be a linear 
function or a Gaussian function. The learning scale is a 
constant assigned beforehand and decreased either as a 
linear function or a Gaussian function during the training. 
The training of the two SOM’s proceeds in parallel and 
the BMU’s in the two maps get associated through a 
Hebbian link.  The link preserves the information as to 
whether or not one BMU each was active in the two maps.  
The link is created by the Hebbian update rule that 
correlates pre- and post-synaptic activities: in our case the 
pre-synaptic neuron can be the BMU on an image (or 
linguistic) map and the post synaptic neuron can be the 
BMU on the linguistic (or image) map.   

The Hebbian links facilitate a kind of cross-modal 
learning: once trained the multinet, comprising the SOMs 
and the Hebbian links, can be used to automatically 
annotate images without a linguistic description and 
automatically illustrate a set of keywords with images 
seen during training.   In the system one can present query 
data in one modality (either visual or linguistic feature) for 
retrieving information in another modality – collateral 
keywords or images respectively.  

III. EXPERIMENTS 

A. Materials 
 
 

 
[Caption] Cells Migrating; Cells Stained 

[Reference] Distribution Pattern 

[Title] None 
 

Figure 1 An example of a collected image and its collateral text, e.g. 
caption, reference, and title. 



Images and their collateral description were extracted 
from a total of 100 journal papers retrieved from the 
PubMed database using the keyword cell migration.  
Statistically significant compound vectors were extracted 
the corpus of the journal papers. A total of 73 images and 
their collateral texts, that is image captions, reference to 
the image in the text and the title of the paper containing 
the image, were identified by some of the authors of this 
paper (AL, YV, AD and DK) (see Figure 1).  Before 
processing, images are normalized and resized to the scale 
such that the maximum of the width and height is not 
larger than 256 pixels. 

B System Training and Testing 

We have developed a cross-modal information system, 
the CellLab system that can learn to classify images and 
their collateral texts and learn to associate vectors in the 
two modalities. One of the authors of this paper (CZ) has 
implemented the CellLab system in Visual C++ 
(Microsoft Visual Studio 2005) (see Figure 2). The 
CellLab system can perform the following additional 
functions: functions for image processing including  
(i) image segmentation using one-dimensional or two-
dimensional thresholding, or a hierarchical self-
organizing map,  
(ii) image filters including average and median filter, and 
a simple edge detector, and  
(iii) a feature extractor for finding the distribution of  
colour, shape, and texture information.  

 
Figure 2 Snapshot of the developed image annotation system: CellLab. 

The system was trained over 1,000 epochs during 
which the 73 images and one type of collateral text were 
presented – so we have trained three systems that use the 
same image but the three different collateral texts.  
Following standard practice in the training of SOMs, the 
neighbourhood function and the learning scale were both 
decreased exponentially over the epochs.   
Given that we did not had a priori information about the 
number of categories in which to categorise the 73 images, 
we trained two systems – one with a 4x4 output map and 
the other with an 8x8 map. 

The Hebbian link was also trained to increase the link 
between the BMU between the two SOMs. Subsequently 
in testing, the visual features of the an image I was treated 
as input to the SOM that trained images to find the BMU, 
and through the Hebbian link the connected unit A on the 

other SOM for linguistic training was located. Meanwhile, 
the BMU B on the linguistic was found by using the 
linguistic features collateral to the image I. If A is equal to 
B, the annotation was correct. A similar procedure was 
used to test the system for image retrieval. 
We have used three testing regimens: 
(i) The testing involved the presentation of the training 
images to the system for retrieving the keywords 
associated with the visual features of the presented image: 
Recall that the compound-words training vector 
comprised statistically significant terms in all the 
collateral texts.  We evaluated how correctly the system 
annotates. In a similar vein, we presented the system with 
keywords in the individual collateral texts and observed 
whether or not a correct image was retrieved. 
(ii) We have compared the effectiveness of the different 
collateral texts and tested the efficacy of systems trained 
on captions only, on references only and on titles only; we 
also trained one system on the mixture of collateral texts 
as well. 
(iii) We have used the images and collateral texts to build 
a k-means classification system and one monolithic SOM-
based system.  In the monolithic system we use only one 
(mixed) vector that comprises both the visual and 
linguistic features to train one map.   The k-means based 
system was given 16 clusters based on the Zernike 
moments and the same numbers of clusters were used for 
linguistic features as well. The centroid for each cluster 
was computed and every linguistic feature vector was re-
assigned to the cluster whose centroid was the closest. For 
image retrieval, linguistic features were clustered. 
Subsequently, image features or visual features were 
attached to the clusters formed by the linguistic features. 

IV. RESULTS AND DISCUSSION 

A  Compound Extraction 

The significant compound terms were extracted following 
a procedure described by [32]. Here the distribution of a 
single-word term is studied by looking at the frequency of 
other words within a neighbourhood of 10 words – five to 
the left of the single word term and five to the right.  The 
second moment of the collocational frequency is 
computed and if this score called U-score by [32] is 
greater than 10 then the term is statistically significant. 
 [32] uses two more statistics related to the so-called z-
score of the collocational frequency and the z-score for 
statistically significant compounds has to be greater than 
unity. One of the authors of this paper (KA) developed an 
algorithm for identifying the statistically significant single 
word terms [28].  
The result of the analysis of a XXX word corpus shows 
the following most significant compounds 

TABLE 2 AN ILLUSTRATIVE SAMPLE OF STATISTICALLY 
SIGNIFICANT COMPOUND TERMS 

 Absolute 
frequency U-score 

Standard 
Deviation k-score 

endothelial 
cells  82 17582 133 33 
cell adhesion  63 11015 105 38 
actin 
cytoskeleton  118 7786 88 25 
focal adhesions  115 7136 84 27 
stress fibers  35 4835 70 21 
tyrosine 
phosphorylation  58 3802 62 24 



tumor cells  51 3638 60 61 
actin filaments  90 3319 58 18 
actin 
polymerization  40 2526 50 15 
rho gtpases  49 1701 41 22 
cell-cell 
adhesion  36 1473 38 8 
cell lysates  40 1314 36 19 
confocal 
microscopy  33 740 27 19 
actin stress 
fibers 30 536 23 9 
polyamine 
depletion  34 112 11 5 
Note that the frequency of a compound does not quite 
correlate always with its statistical significance: the terms 
endothelial cells and cell adhesion have much lower 
frequency than actin cytoskeleton and focal adhesions but 
their statistical significance is much higher. 

B Image Annotation and Keyword Illustration 

The automatic annotation results with an 8 × 8 node 
output layer (16 visual features and 50 linguistic features) 
that the system correctly annotated 49 out 73 images – 
67% correctly retrieved. The collateral linguistic feature 
map in this case was trained on captions only.  The 
comparable performance of a 4x4 node output layer 
multinet SOM showed that the performance of this system 
was limited to only 28.8% correct annotations; the k-
means classifier, also trained on captions only, matched 
the performance of the 4 × 4 node SOM (31.5% correct 
annotations) and the monolithic SOM, linguistic features 
extracted from captions for training, could only correctly 
annotate 1 in 5 of the images. 

A system trained on the collateral reference texts for an 
8x8 output layer SOM annotated 63% images correctly, a 
performance comparable to that of the caption-trained 8x8 
SOM, whilst a system trained only on keywords obtained 
from the titles correctly annotated only one in three 
images.  The performance to automatic annotation system 
is set out in Table 3: 

TABLE 3 A COMPARATIVE STUDY OF THE ANNOTATION 
ACCURACY OF THE MULTINET SOMS WITH TWO 

BENCHMARK STUDIES FOR AUTOMATIC ANNOTATION 
Network Architecture Collateral Texts 
  Captions Reference Title 
Cross Modal: 
Multinet 
SOMs 

 2 8x8 
SOMs with 
64x64 
Hebbian 
links 

67.1 63 31.5 

Cross Modal: 
Multinet 
SOMs 

2 4x4 SOMs 
with 16x16 
Hebbian 
links 

28.8 21.9 16.4 

Bimodal: 
Monolitihic 
SOM 

Dimensions? 20.5   

k-means 16 clusters? 31.5     
The ‘best’ performing system is the one with 8 × 8 

nodes which probably captures the differences in the 73 
images better than is the case for our 3 benchmark studies 
(4x4 mutlinet, monolithic SOM, and k-means): Mapping 
the input data set to an output layer which contained 
fewer nodes than desirable number of classes apparently 
reduces the performance of the system.  One surprising 
result was that the performance of a SOM trained on 
reference texts appeared to be very similar to that of a 
SOM trained on captions: we had expected reference text 

to be more vague than the caption.  The SOM’s trained on 
title keywords perform poorly due to the broad nature of 
the keywords in the titles perhaps. 
The results of the keyword illustration are similar to that 
of image annotation: The 8 × 8 multinet SOM outperforms 
the 4 × 4 SOM by a factor of two in correctly illustrating 
keywords. And, the results are similar for 8 × 8 multinet 
when compared with a k-means classifier and a bi-modal 
monolithic SOM (see Table 4) 

TABLE 4 A COMPARATIVE STUDY OF THE ANNOTATION 
ACCURACY OF THE MULTINET SOMS WITH TWO 

BENCHMARK STUDIES FOR AUTOMATIC ILLUSTRATION 
Network Architecture Collateral Texts 
  Captions Reference 

to the 
Image in 
text 

Title 

Cross Modal: 
Multinet 
SOMs 

2 8 × 8 SOMs 
with 64 × 64 
Hebbian links 

71.2 67.1 8.2 

Cross Modal: 
Multinet 
SOMs 

2 4 × 4 SOMs 
with 16 × 16 
Hebbian links 

32.9 21.9 16.4 

Bimodal: 
Monolitihic 
SOM 

4 × 4 nodes 37.1   

k-means 16 clusters 22.2      

C. Discussion 

Compared with some other image annotation and retrieval 
system [33, 34, 35], our cross-modal system offers some 
advantages. First, these systems used an image dataset that 
were shot professionally and annotated manually by 
experts, whereas our method for the collection of training 
and testing dataset provides an alternative way to collect 
images and their collateral text from published papers in 
refereed journals – the captions and the references have 
been through a refereeing process here. The collection 
procedure can also be conducted automatically using 
computer programs establishing a connection to the 
desired database and downloading images and their 
description. The linguistic analysis can be used to extract 
the most important compounds using statistical means is 
perhaps less comprehensive than getting the terms from 
experts  [36, 37], but our corpus-based approach is faster 
and more objective and at the end of the day the terms can 
be quickly cross-checked by experts. Furthermore, by 
representing the words in its linguistic features, these 
words can be trained and organized into different clusters 
with the similar meanings. The visual features, Zernike 
moment, are based on orthogonal sets and none or little 
information redundant is presented in these. The normally 
adopted process, i.e. feature selection or dimension 
reduction that is used elsewhere, is not necessary in this 
case [29], which consequently increases the speed of the 
system. 

However, one drawback in this study is that the 
materials collected might be not enough. In order to 
established an machine learning system it is usually 
necessary for the classification materials to cover a large 
number of classes, or every class that might occur if 
possible, whereas the materials collected in this study is 
only limited to 73 images. Future work focusing on a 
much more amount of materials would be necessary to be 
conducted to further investigate the cross-modal system 
for image annotation and retrieval. 



V. CONCLUSION AND FUTURE WORKS 

In this paper, a cross-modal system for image annotation 
and retrieval is described. The cross-modal system 
comprises two self-organizing maps (SOM), with one 
learning the visual features and the other learning the 
linguistic features of the image samples, and a Hebbian 
link that associate the two SOM together for cross 
modality annotation and retrieval. We also propose a 
novel method for collecting image samples and their 
collateral annotation for training and testing of the system. 
Visual features were extracted by computing Zernike 
moment, which are based on an orthogonal set and thus 
have no information redundant. Linguistic features are 
obtained by linguistic analysis based on the compound 
terms extracted. The cross-modal system was found to 
perform better than the k-means clustering and the mono-
system having two SOMs but without linking them 
together. 

In future works, we will propose powerful image 
segmentation technique that can successfully segment the 
image into meaning objects, and annotation and retrieval 
will be conducted in both the object level and image level. 
Furthermore, the image collection procedure will be 
automated program rather than manual as currently being 
conducted, and more experts from the cell migration will 
be brought in to evaluate the annotation and retrieval. 
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