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Abstract. The paper discusses the problem of noise reduction for the improvement of the hand recognition in a sequence
of video frames. The presented results were obtained as a part of a larger project, which has an objective to build a
training simulator for Ukrainian Sign Language. The proposed solution for image segmentation is build around the data
mining techniques, which are based on clustering algorithms using Self-Organizing Maps. A particular emphasis in
this research is made on the image preparation for Self-Organizing Map training, in order to provide the most optimal
similarity measurement between different image segments.
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1 Introduction

The presented in this paper results were obtained as part of the research for creating an adaptive sign language training
simulator, which was already discussed in the number of articles [DN07] [DNP08] as well as demonstrated at CeBIT
2006, 2007 and 2008. The main motivation behind this research is to provide an affordable solution for people to use the
end product for self training of the Ukrainian sign language. The current solution for recognizing sign language gestures
is based on dactyl matching [DN07].

Unfortunately, this approach is limited to images (frames in video sequences) with uniform background. In order to
overcome this limitation an image segmentation based solution has been developed for background removal utilising Self-
Organizing Maps (SOM). One of the key SOM features is preservation of the topological order in the input data during
the learning process. Some relatively recent research of the human brain revealed that the response signals are obtained
in the same topological order on the cortex in which they were received at the sensory organs such as eyes transmitting
the colour information [Ko01]. A large part of the conducted research is dedicated to image data preparation and colour
space analysis to fully utilise the topology preservation feature of SOM when performing image segmentation. Image
data preparation is the key component in the developed image segmentation methodology.

One possible way to approach image segmentation is to treat image segmentation as a clustering task, where objects
for grouping are image pixels, and the actual groups (or clusters) are image segments. Hence the termimage clustering,
which refers to means for high-level description of the image content. SOM and its variations were the subject of our
research for the past several years [Ho06] [Ho07], and therefore it was a natural choice for the task of image clustering.
Image segmentation is a popular research subject and there is a large number of related research as well as readily available
commercial and open source tools.

The use of SOM for image segmentation is a relatively popular research subject, and there is a number of SOM-based
image segmentation algorithms with their virtues and weaknesses. In [MC96] authors proposed the use of the two-stage
process based on one-dimensional SOM in combination with K-means algorithm for segmenting images with reduced
colour information. Authors of [CTT96] developed a unique data preparation scheme where both colour and texture were
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used, which yielded a success rate of 61.3% comparing to 53.6% when using only colour. In [BCL01] authors proposed a
SOM-based algorithm for skin detection. Authors of [JCZ03] used both colour and spatial information. Thus, utilising five
dimensional vectors(X,Y,R,G,B) for representing image data used in SOM training. In addition, a merging algorithm
was introduced for clustered blocks to be combined into a specified number of regions with some semantic means. Paper
[WLH00] discusses the use of an adaptive SOM colour segmentation algorithm, which supported pruning and merging
techniques to automate search for an appropriate number of clusters. The presented results yield an excellent performance,
however most of the processed images either have small size, thus automatically reducing the complexity, or have a close
to uniform background.

2 Dynamic image segmentation

The discussion of the theoretical and algorithmic foundation of the conducted research is presented in two sections. The
first sections, which is an essential part of our research, addresses data preparation. Specifically, the development of the
most adequate method for transforming images from video sequences into the vector space suitable for SOM consumption
(i.e. training and interpretation). This phase directly effects the quality of the image segmentation. For the purpose of
clarity the following discussion assumes processing of a single image, which does not affect applicability of the proposed
methodology to processing of video sequences.

2.1 Data preparation

The first stage of data preparation is to choose a vector space for representing each pixel on the image. The processing
speed is of high importance for fulfilling the requirement of real-time processing. The training of SOM is the most time
consuming operation. Therefore, the second stage of data preparation addresses the reduction of the number of data
samples used for training.

Colour is the brain’s reaction to specific visual stimulus. Therefore, in order to train SOM for it to reflect the topo-
logical order of the image perceived by a human eye, it is necessary to choose the colour space, which closely models
the way sensors obtain the visual information. The eye’s retina samples colours using only three broad bands, which
roughly correspond to red, green and blue light (Abrian Ford, Alan Roberts). These signals are combined by the brain
providing several different colour sensations, which are defined by the CIE (Commission Internationale de l’Eclairage
(French))[Hu01]: Brightness, Hue and Colourfulness. The CIE commission defined a system, which classifies colour
according to the human visual system, forming the tri-chromatic theory describing the way red, green and blue lights can
match any visible colour based on the eye’s use of three colour sensors.

The colour space is the method, which defines how colour can be specified, created and visualised. There are more
than one colour space, some of which are more suitable for certain applications than others. Some colour spaces are
perceptually linear, which means that ann-unit change in stimulus results in the same change in perception no matter
where in the space it is applied (Abrian Ford, Alan Roberts). The feature of linear perception allows the colour space to
closely model the human visual system. Unfortunately, the most popular colour spaces currently used in image formats
are perceptually nonlinear. For example, BMP and PNG utilise RGB1 colour space, JPEG utilises YCbCr, which is a
transformation from RGB, HSL2 is another popular space, which is also based on RGB.

The CIE based colour spaces, such as CIELuv and CIELab, are nearly perceptually linear (Abrian Ford, Alan Roberts),
and thus are more suitable for the use with SOM. The CIEXYZ space devises an independent absolute colour space, where
each visible colour has nonnegative coordinates X, Y and Z [Ho03]. The CIELab is a nonlinear transformation of XYZ
onto coordinatesL∗, a∗, b∗ [Ho03]. The image format used in this research is uncompressed 24-bit BMP (8 bit per
channel), which utilises the RGB colour space. In order to convert vectors(r, g, b) ∈ RGB into (L∗, a∗, b∗) ∈ CIELab
it is necessary to follow an intermediate transformation via the CIE XYZ colour space (Gernot Hoffmann). Transforming
each pixel of the original RGB image produces a transformed image in CILab space used for further processing. It is
important to note that when using SOM it is common to utilise Euclidean metric3 for calculation of distances during the
learning process [Ko01], which is also used in CIELab space for calculating distance between pixels [Ho03].

In order to reduce the dataset used for SOM training, it was decided to split the image into segmentsn × n pixels.
Then for each such segment find two the most diverged pixels and add them to the training dataset. Finding the two most
diverged pixels is done in terms of the distance applicable to the colour space used for image representation. Below is an

1Uncompressed BMP files, and many other bitmap file formats, utilise a color depth of 1, 4, 8, 16, 24, or 32 bits for storing image pixels.
2Alternative names include HSI, HSV, HCI, HVC, TSD etc. (Abrian Ford, Alan Roberts)
3The selection of the distance formula depends on the properties of the input space, and the use of Euclidean metric is not mandatory.
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example of imageA of 4 × 4 pixels in size represented in the CIELab space, and split into four segments2 × 2 pixels
each.

A =
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Algorithm 1 summarizes the above approach. It is important to note that an excessive reduction could cause omission
of significant pixels resulting in poor training. At this stage it is difficult to state what rule can be used to deduce the
optimal segment size, and the segmentation used in the presented results, was obtained empirically. However, even
applying segmentation2 × 2 pixels to an image of800 × 600 pixels in size, reduces the training set from460000 down
to 240000 elements, which in turn enables the use of a smaller lattice and reduces the processing time required for SOM
training.

Let n denote the size of segments used for image splitting, the value of which is assigned based on the image size.T –
the training set, which is populated with data by the algorithm. Let’s also denotejth pixel in segmentSi asSi(j). Further
in the text both termspixelandvectorare used interchangeably.

Algorithm 1 Training dataset composition

Initialization. Split image into segments ofn× n pixels;N > 0 – number of segments;T ← ∅; i← 1.

1. Find two the most diverged pixelsp′ ∈ Si andp′′ ∈ Si using Euclidian distance.

1.1 max = −∞, j ← 1

1.2 k ← j + 1

1.3 Calculate distance between pixelsSi(j) andSi(k): dist← ‖Si(j)− Si(k)‖

1.4 If dist > max thenp′ ← Si(j), p′′ ← Si(k) andmax← dist

1.5 If k < n× n thenk ← k + 1 and return to step 1.3

1.6 If j < n× n− 1 thenj ← j + 1 and return to step 1.2

2. Addp′ ∈ Si andp′′ ∈ Si to the training set:T ← T ∪ {p′, p′′}

3. Move to the next segmenti← i + 1. If i ≤ N then return to step 1, otherwise stop.

2.2 Interpretation of Clusters

The guidelines from [Ko01] and [Ho06] were followed to conduct the self-organization process. The use of 2-dimensional
lattice with hexagonal neighborhood relation proved to be the most efficient in our research producing more adequate
segmentation results comparing to other evaluated configurations. Once the SOM structure and parameters for self-
organization process are selected, the SOM is trained on the training setT , which is composed for the image to be
segmented. The trained SOM is then used for the actual image segmentation. The topology preservation feature of SOM
is fundamental to the proposed segmentation approach. The basic underlying principles of which are:

• Image pixels represented by topologically close neurons should belong to the same cluster and therefore segment.

• The marker used for segment representation is irrelevant as long as each segment is associated with a different one.

These two principles suggest that the neuron position in the lattice can be used for assigning a marker to a segment
represented by any particular neuron instead of the neurons’ weight vectors. This way weight vectors are used purely as
references from 2D lattice space into 3D colour space, and neural locations represent the image colour distribution. As the
result of a series of conducted experiments the following formulae for calculating an RGB colour marker for each neuron
have produced good results:Rj ← xj + yj ×λ;Gj ← xj + yj ×λ;Bj ← xj + yj ×λ. Valuesxj andyj are coordinates
of neuronj = 1,M , whereM is the number of neurons in SOM. Constantλ should be less or equal to the diagonal of
the SOM lattice. Applying the same formula for R, G, and B components produces a set of gray scale colours. However,
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each neuron has its own colour, and one of the currently not fully resolved issues is how to group neurons based on the
assigned colours into segments. There are several approaches, which are being currently developed to provide automatic
selection of neurons pertaining to the same cluster [Ho07]. However, the presented in this paper results were obtained
by applying a threshold to the segmented with SOM image, which requires human interaction in specifying the threshold
value. Algorithm 2 summarizes the proposed approach.

Algorithm 2 Image segmentation

Initialization. pj = (Rj , Gj , Bj) – pixel j; j = 1,K; K > 0 – total number of pixels;j ← 1; i∗(pj) =
(Ri∗ , Gi∗ , Bi∗) – a weight vector of the best matching unit (BMU – winning neuron) for input vectorpj ; (xi∗ , yi∗)
– coordinates of neuroni∗; choose appropriate values forλ.

1. FindBMU(pj) for vectorpj in the trained SOM utilizing the distance used for training (Euclidian for CIELab).

2. Calculate marker for pixelpj : Rj ← xi∗ + yi∗ × λ, Gj ← Rj , Bj ← Rj .

3. Move to the next image pixel:j ← j + 1;

4. If j ≤ K return to step 1, otherwise stop.

3 Experimental results

This section demonstrates some results of the developed image segmentation methodology. A specific interest is the case
of training SOM on one of the frames in the video sequence only and applying it for segmenting subsequent frames. The
recorded video captured an open palm closing and opening again during a period of several seconds. The recording was
done using an ordinary PC web camera capable of 30FPS throughput with frame size of800×600 pixels. The background
of the captured scene is nonuniform, which increases the complexity of image segmentation. Fig. 1 depicts original and
segmented images, which correspond to frames number 25 through to 50 of the recorded video. The training of SOM and
determining of the appropriate threshold value was performed only on the first image (i.e. frame 25).

(a) Original frame 25 (b) Segmented frame 25 (c) Original frame 35 (d) Segmented frame 35

(e) Original frame 40 (f) Segmented frame 40 (g) Original frame 50 (h) Segmented frame 50

Figure 1. Original and segmented video frames 25, 35, 40, and 50

The key aspect of the presented in this section results is the use of the SOM trained on only one frame. This initial
frame as well as all subsequent ones have been successfully segmented with clear separation of the human palm from
the nonuniform background. Although, some elements of the background were recognized as part of the same segment
and caused minor undesired artifacts scattered around the palm. The use of only one frame for SOM training provides a
provision for much faster dynamic image segmentation needed for video, avoiding SOM retraining for every frame.
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4 Conclusion and future work

The main purpose of developing an image segmentation algorithm in our case is to simplify the task of image analysis
for dactyl matching. However, developed algorithms yielded good results not only for human hand recognition, and po-
tentially can be used for other applications. The main disadvantage of the developed approach is the need for human
interaction when specifying the threshold values in the final step of image segmentation. However, this aspect is being
currently addressed utilising the results obtain in [Ho07], which allows automatic clustering of the trained SOM. An-
other important subject of the future research direction is increasing the quality of segmentation by applying hierarchical
clustering. The basic idea behind this approach is to start SOM training on images with reduced information, following
additional training based on the same image with increased information. There are many image smoothing methods,
which provide a way of controlling the amount of image details (i.e. information), which may impact the quality of infor-
mation reduction and thus segmentation results. The proposed in this research method for composing training dataset is
also an example of the way to reduce image details.
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