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Abstract. Two-dimensional (2-D) polyacrylamide gel electrophoresis
(PAGE) images are widely used in the area of Proteomics. In this paper,
a region-based multiscale decomposition approach to gel image interpre-
tation is presented. Instead of segmentation of each individual protein
spot, the gel image is decomposed into small local regions with a quadtree
structure. 2-D Gaussian functions are used to model local image features.
Those local regional features will be used for further statistical analysis
to extract discriminant features that distinguish different classes of gels.
After a description of the method, experimental results are presented to
show its potential in representing the protein related pixel intensities of
the gel images.

1 Introduction

A two-dimensional (2-D) polyacrylamide gel electrophoresis (PAGE) image of
a biological sample can be understood as a distribution profile of the proteins
presented in the sample. The vertical and horizontal dimensions respectively
reflect the molecular masses and isoelectric charges of the proteins, with the
intensity of each pixel representing the amount of protein that migrated to that
point.

Most of the current gel image interpretation methods are derived from the
principle that a gel image consists of protein spots. Features are used to repre-
sent protein spots and a set of measurements are made from the image to specify
each feature, which may involve its centroid, volume and other parameters. Ex-
isting methods for describing the gel image primitives can be roughly classified
into two different approaches. The first approach, which avoids any assumption
about the shape or internal structure of protein spots, searches for the location
and/or boundary of each spot [1,2,3]. Generally these methods detect protein
spots by segmenting isolated spot regions with morphological algorithms. This
means such methods are only implicit in their choice of spot model: it is hard to
quantify their accuracy. Moreover, in practice, the problem of overlapping spots
and over-segmentation occurs. The second approach, which relies on common
characteristics, such as the shape of the spots, employs a parametric model to
fit each spot [4,5,6,7,8,9]. Though these methods give quantitative results on the
modelling of spots, the complexity of the image data implies that the model may
be inadequate.
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In our proposed method, there is no attempt to characterise each protein
spot as a single feature. The gel image data is analysed through a region esti-
mation process. Image regions are modelled as a sum of 2-D Gaussian functions,
whose parameters are estimated locally. A quadtree-based image decomposition
is employed to derive local image regions. Using the hierarchical decomposition
approach, a quadtree structure will be generated for a gel image, with each node
in the tree representing an image block at a certain scale. Gaussian functions
are used to model the image data within each region. Without the detection of
the location of each individual protein spot, the proposed method locates spot
areas by means of measurements in local regions. Moreover, it allows for a con-
trollable degree of fit to the image data, so that model complexity can be traded
off against accuracy. After a brief account of the modelling process, results on
real gel images are presented to show its effectiveness.

2 The Model

The local intensity profile in each gel image block is modelled by a separable
2-D Gaussian intensity function:

g(x, y|θ) = A exp
{
−1
2

[
(x− x0)2

σ2x
+

(y − y0)2
σ2y

]}
(1)

parameterised by Θ = {A, x0, y0, σx, σy}, where A is the amplitude of the Gaus-
sian; (x0, y0) denotes its centre; and (σx, σy) are the standard deviations in the
horizontal and vertical axes, respectively.

Prior to the Gaussian modelling, the background is subtracted from the origi-
nal pixel values. As the background detection is performed in local image regions,
there will not be too much variation in the background intensities. A simple mea-
sure for the background intensity is used, which is the minimum pixel intensity
within the image block, i.e.

fbg = min
x∈B

f(x). (2)

where B defines the set of pixels within the image block.
After the background subtraction, the image data are then windowed

by a smooth function, to avoid edge effects. The set of parameters Θ =
{A, x0, y0, σx, σy} for data fitting using 2-D Gaussian functions is estimated by
an iterative Maximum Likelihood (ML) approach [10].

At+1 =

∑
x
fw(x)g(x|Θt)∑

x
g(x|Θt)g(x|Θt) , µt+1 =

∑
x
xfw(x)g(x|Θt)∑

x
fw(x)g(x|Θt) ,

Σt+1 =
2
∑
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fw(x)g(x|Θt) , (3)
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where x =
[
x
y

]
, µ =

[
x0
y0

]
and Σ =

[
σ2x 0
0 σ2y

]
; fw is the windowed image data;

g is the Gaussian function and Θt denotes the estimated parameter set from
previous iteration.

For the initial estimate at iteration t = 0, the centroid and variance of the
Gaussian intensity profile are calculated as

µ0 =

∑
x
xfw(x)∑

x
fw(x)

, Σ0 =
2
∑
x
(x− µ0)2fw(x)∑

x
fw(x)

. (4)

The hierarchical quadtree decomposition procedure generates a set of quad-
rant nodes with a top-down approach, which successively subdivides the original
frame by a factor of four. The subdivision continues until the block size reaches
a preset minimum value. At each level, the image is divided into half-overlapping
blocks, each windowed by the windowing function.

The windowing function is based on a squared cosine function, and is adap-
tive to the level of the subimage in the quadtree. If the depth of the quadtree is
D, then the windowing function at the kth level (1 ≤ k ≤ D − 1) is given as:

wk(x, y|x0, y0) =
{
w′k(x, y|x0, y0) if |x− x0|≤Nk+ND2 and |y − y0|≤Nk+ND2 ,

0 otherwise.
(5)

and

w′k(x, y|x0, y0) =
2D−k−1∑
i,j=0

wD(x, y|x0 − Nk −ND
2

+ iND, y0 − Nk −ND
2

+ jND)

(6)

with

wD(x, y|x0, y0) = cos2(
x− x0
2ND

π) cos2(
y − y0
2ND

π), (7)

where (x0, y0) is the centre of the image block; wD is the windowing function for
the bottom level, whose size is 2ND by 2ND; the window size at the kth level is
2Nk × 2Nk, and Nk = 2D−kND. While the windowing function at the bottom
level, wD, is a 2-D squared cosine function, for the levels above, a mixture of the
squared cosine functions is used. For any two neighbouring quadrant regions in
different levels of the quadtree, the window coefficients in the overlapping area
will sum to one.

Before applying the Gaussian function to model the image data, a criterion
called the information criterion is set to identify the “inactive” regions within
the gel image, which are defined as background regions. The measure for this
criterion is the total squared error when the image data is modelled by using the
(constant) background intensity alone:

Msr =
∑
x∈B

(f(x)− fbg)2. (8)
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If the value of Msr is above a given threshold, which is the minimum tolerance
for a spot region, the criterion is met and the block is considered as a spot region;
otherwise, a background block. Note that the background is calculated before
applying the windowing function.

If an image block is classified as a spot region, the background intensity
is subtracted from the image data, which is then multiplied by the windowing
function. The windowed image data is fitted by the 2-D Gaussian function as
described above. The Gaussian fitting is measured by the normalised residual
sum of squares (NRSS), given as:

NRSSij =

∑
x∈Bij {fw(x)− g(x|Θij)}

2∑
x∈Bij f

2
w(x)

, (9)

where ij denotes the image block, Bij indicates the set of coordinates in the ijth
block and Θij is the estimated set of Gaussian parameters for that image data.

The residual error of the synthesised data from the estimation is calculated
for each image block at each block scale. A tree is built, with the nodes in each
level indicating image blocks of the same scale and each node storing the residual
error for the estimation. The multiscale approach is designed to retain the best
estimation among all different image block scales. To determine which nodes are
retained, a region node selection procedure is used. For every node at level k,
1 ≤ k ≤ D − 1 (Dth level is the bottom level), the residual error obtained from
this node (as parent node) is compared to the residual error of synthesised data
constructed from the region measures in its four child nodes. The residual error
for the node (i, j) at level k (as parent node) is given as

ep(i, j, k) =
∑

x∈Bij
{R(x, i, j, k)− fw(x)}2 , (10)

where 0 < i, j < N
Nk

+1 with image size of 2N×2N ; R(x, i, j, k) is the synthesised
data value at coordinate x at kth level for node (i, j):

R(x, i, j, k) =

{
0 for background node;
g(x, i, j, k) for spot region node.

(11)

The residual error of the synthesised data from the four children nodes at
level k + 1 is calculated as

ec(i, j, k) =
∑

x∈Bij

{
1∑

m,n=0

R(x, 2i−m, 2j − n, k + 1)− fw(x)
}2

. (12)

If ep(i, j, k) is less than ec(i, j, k), the Gaussian model parameters and back-
ground estimation at the parent level will be used to describe the region of
image data; otherwise, the child nodes will be used.
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3 Experiments

The region modelling of gel images using the proposed method will be compared
with the parametric spot modelling using the Gaussian spot model. The two gel
images (Fig. 1) used in the experiments are from two different sample tissues.
The images are 16-bit TIFF format images with zero-intensity pixels in white.
Each image is of size 256× 256 pixels.

The implementation of the spot modelling method using the Gaussian model
is as follows: first a low-pass filter is applied to the original image to remove high
frequency noise; secondly a peak detection algorithm is applied to the filtered
image, and the detected local peaks are taken as the centres of the 2-D Gaussian
models; finally the Gaussian model parameters are estimated. The local maxima
are located by looking at the neighbouring pixels within a 5 by 5 window to see
if the value of the central pixel is the largest and more than a given threshold
above the average pixel value within the 5× 5 neighbourhood. An iterative ML
approach as described in section 2 is used to derive the parameter estimates. The
detected spot centre coordinates give the initial estimate of the centres of the
Gaussians. For both the initial estimates of σx and σy, a value of 2 is used. The
support region for the parameter estimation of each Gaussian model is defined
as being an area of ±3σx and ±3σy from the spot centre in the horizontal and
vertical directions. Fig. 2 shows the synthesised images from the Gaussian spot
modelling method. As there is no information available about the actual proteins
that are present in the gel image, the comparison is made from the calculated
residual error of the resulting synthesised image.

The multiscale decomposition method produces an image representation with
a tree structure, where there are two different types of leaf nodes in the quadtree:
background nodes and spot nodes. To construct a synthesised gel image from
the extracted measures, two different interpolation functions are defined. The
function for the background node copies the background intensity value to each
pixel in the corresponding block; while the function for the spot region node
adds the Gaussian intensity value at the pixel position to the background value
for each pixel.

A three-level quadtree structure is employed to derive local image regions,
with a minimum block size of 8× 8. A 2-D Gaussian function, Smodel, is defined
to model the spot of minimum volume. The Gaussian spot model, Smodel, has
a standard deviation of 2 pixels respectively in the x and y directions, and the
peak intensity in the spot region is 300. The minimum value ofMsr for an image
block to be accepted as a spot region block is set at 1100000, which is calculated
from the Gaussian spot model,

∑
x Smodel(x)

2.
The result of the multiscale decomposition approach is shown in Fig. 3. As

can be seen, the proposed region modelling method gives a smaller NRSS values
(around 0.07) than the parametric Gaussian spot modelling method, which gives
an NRSS value of around 0.15 for both images.
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Fig. 1. Two examples of gel images: (a) Gel A and (b) Gel B.

Fig. 2. The result of applying the parametric spot modelling method using Gaussian
models: (a) the synthesised image of Gel A and (b) the synthesised image of Gel B (a
black dot is used to indicate the Gaussian centre). NRSS value: 0.1495 (Gel A) and
0.1518 (Gel B); number of Gaussians: 280 (Gel A) and 334 (Gel B).

4 Conclusions

Existing gel image interpretation methods either employ low-level image process-
ing techniques, such as background subtraction and peak detection by morpho-
logical filters, or are based on protein spot features, which describe each protein
spot as one feature using some modelling function such as a 2-D Gaussian func-
tion. While it is impossible for the former methods to quantify their accuracy in
extracting the significant information from the data, the latter methods rely on
the detection of protein spot centres and boundaries, neither of which is easy.
For parametric spot modelling methods which give quantitative results, it is very
likely that the model is inadequate due to the complexity of the image data.

The advantage of the proposed region modelling method over the feature-
based spot detection methods is that it avoids the segmentation of each indi-
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Fig. 3. The result of the multiscale decomposition approach: (a) the synthesised image
of Gel A and (b) the synthesised image of Gel B. NRSS value: 0.074 (Gel A) and 0.072
(Gel B); number of splits: 1288 (Gel A) and 1308 (Gel B); number of Gaussians: 933
(Gel A) and 975 (Gel B).

vidual spots and any assumptions about the shape of the spots. As the image
decomposition procedure does not result in every whole protein spot being cap-
tured in one image block, it is likely that some spots, especially large spots, lie
within a number of connected blocks, and the spot is then approximated by a
sum of Gaussians, each from one block. In such cases, further processing might
be required to prepare the data for a conventional database. However, such prob-
lems can be avoided by applying discriminant analysis directly to the image data
in the form of the regional features extracted using the proposed method, instead
of using traditional techniques based on a database of protein spot features. This
is an area which is being further researched and will be presented in due course.

From the normalised residual error values, it has been shown that the pro-
posed method gives better results in representing the real image data in terms
of the residual error of the synthesised data from the estimated image measures.
Further work is in progress to compare the new representation with the conven-
tional ones in the multivariate analysis of PAGE image datasets. We are also
exploring other criteria for the region splitting process.
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