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Abstract. Aggregation of red blood cells which manifests in the form of rouleaux is a major
determinant of flow behavior of blood in both micro and macro circulation. Any alteration in
the normal behavior is found to be a critical factor in plugging of arterioles and venules
forming irreversible clumps. In this work, the aggregation behavior of red blood cells is
analyzed using Wavelet transforms. The artificially induced red cell aggregate images
obtained from normal adult volunteers are used for the study. An arbitrary aggregation size
index is derived using four different wavelet functions. The results demonstrate the ability of
wavelets to precisely differentiate variations in degree of aggregation and their intercellular
bonding. Also the aggregation size indices are found to be similar and consistent for a given
aggregate for all wavelet functions. As the association and dissociation of red cells and the
bonding strength during cluster formation are direct indicators of altered flow behavior of
red cells in micro-vessels and large arteries such analysis seems to be clinically relevant. The
methodology, algorithm and observations based on Wavelet transforms are discussed in
detail.
Keywords: Red cell aggregates, Wavelet Transform, inter- erythrocytic cohesive forces,
aggregation index
1. Introduction
The most significant factors responsible for micro and macro circulatory blood flow disorders
are enhanced red blood cell aggregation, increased plasma viscosity and lowered erythrocyte
deformability [16, 25]. Under physiological conditions the red blood cells in static or slowly
moving blood, adhere face to face like piles of coins to form reversible cell-to-cell contact
leading to formation of aggregates. The measurement of red blood cell aggregation could be
used to quantify physiologically significant rheological properties. Red cell aggregation
increases blood viscosity and thus affects the passage of the cells through micro vessels,
especially in venules with low shear flow [28]. In conditions arising due to pathological states
aggregates are capable of plugging arterioles and venules [6]. Abnormal red cell aggregation
has been found to be associated with several diseases and conditions, which include diabetics,
malaria, cardiovascular malfunction, lacunar brain infarcts, essential hypertension, and
immunoglobulin and hematological disorders, local anesthesia and many others [18, 19].
Therapeutic interventions, which affect RBC aggregation, are now becoming available and
these include rheopheresis, aspirin and statins [4]. Thus aggregation of red cells is a major
determinant of flow properties of blood in microcirculation and of practical significance in
health care [27].
The various methods of analyzing aggregation include Erythrocyte sedimentation rate test,
Ultrasonic back- scattering technique, Microscopic counting techniques and Optical methods
[23]. Over the recent years a number of optical methodologies have been proposed to quantify
the formation of red blood cell aggregates. The Myrenne erythrocyte aggregometer is the
simplest but is limited in sensitivity [21]. Hitt and Lowe [12] used Fourier methods to
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examine the spatial patterns of transmitted light intensities of in vitro aggregating blood flow
and of computer simulated aggregating flows. But the analysis was capable only of providing
approximate bounds for the aggregate sizes due to the broadness of the Fourier spectrum.
Image processing has been employed in the automated diagnosis and classification of malaria
on thin blood smears [26].
Wavelet transforms are multiresolution representations of images. They decompose images
into multiscale details according to an orthonormal basis function called wavelet function [15,
30] and in decomposing an image into frequency bands; the width of the band is determined
by a dyadic scheme. The image is decomposed in frequency channels of constant bandwidth
on a logarithmic scale at any required level. This particular way of dividing frequency bands
matches the statistical properties of most images very well. Wavelets are capable of reporting
structural information at different locations within the image. There has been active research
in applying wavelets to various aspects of imaging informatics, including compression,
enhancements, analysis, classification, retrieval and also in analyzing radiographic images in
the detection of trabecular patterns in osteoporosis [29, 30] in recent years. Wavelets prove to
be a useful tool in noise removal of medical images.
The discrete wavelet transform has advantages such as similarity of data structure with respect
to the resolution and available decomposition at any level. There have been very few attempts
in analyzing red cell aggregates using 1-D Continuous Wavelet transforms in simulated
aggregates [17]. In this work, Two- Dimensional discrete wavelet Transforms are employed
to study the aggregation behavior of the erythrocytes using digital images. Red cell aggregates
with various degree of aggregation are analyzed using Wavelets and Aggregation Size Index
(ASI), which defines the size of aggregates, is derived for various wavelet functions.
2. Images and Methodology
Blood samples for the study are obtained from healthy, adult volunteers (N=10) at Klinicum
der RWTH, Aachen, Germany as described elsewhere [18, 20]. The images are then
processed using various image processing routines. They are rescaled to cover the entire
dynamic range and are segmented to detect transitions, which differ greatly in contrast from
the background image. Changes in contrast are detected by calculating the gradient of the
image using sobel operator. The binary gradient mask image obtained after edge detection is
dilated using the vertical structuring element followed by the horizontal structuring element.
This segmentation algorithm finally clears the objects connected to the border of the image
and smoothen the image with a diamond-structuring element.
The processed images are then subjected to Wavelet Transforms. Two-dimensional Discrete
Wavelet Transforms is adopted (2-D DWT) in this work due to its fast computational
algorithm for decomposition and the discrete nature of the image pixels [2]. Chosen wavelets
from the Daubechies, Symlet, Cioflet and Biorthogonal families are employed. These
wavelets have orthogonality or biorthogonality characteristics that allow for space saving
code and fast execution [30]. Wavelet transforms refers to the decomposition of an image
with a family of real orthonormal bases Ψm, n (x) obtained through translation and dilation of
kernel function Ψ(x) known as the mother wavelet. For each integer r, the orthonormal basis
for L2 (R) is defined as
φr, j,k (x) = 2( j/ 2) φ φr (2 j x − k), j, k ∈ Z
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Where the function Φr(x) in L2 (R) has the property that {Φr(x-k)/k, = Z} is an orthonormal
sequence in L2 (R) [30]. Here, j is the scaling index, k is the shifting index and r is the filter
index then the trend fj, at scale 2-j of a function f = L2 (R) is defined as
f j (x) = ∑ (f , φr, j,k )φr, j,k (x)

(2)

k

The details of r fluctuations are defined by
d j (x) = f j+1 (x) − f j (x)

(3)

Daubechies’ orthonormal basis has the following properties, Ψr has the compact support
interval (0, 2r + 1), Ψr has about r/5 continuous derivatives
∞

∫ ψ r (x)dx =

−∞

∞

∫ x ψ (x)dx = 0

(4)

r

r

−∞

where Φr(x) - Father Wavelet and Ψr (x) - Mother Wavelet

(a)

(b)

(c)

Fig.1. Typical red blood cell aggregates with increasing degree of aggregation. (a) mild aggregation (b)
moderate aggregation (c)severe aggregation.

Figure 1 shows 3 representative aggregate images in their increasing order of aggregation
with 1(a), 1(b) and 1(c) as samples of mild, medium and severe aggregations. Wavelet
function decomposes the input aggregate image and their statistical evaluation result in
generation of valuable parameters such as mean, median, mode and standard deviation. The
aggregate samples of uniform image size and different degree of aggregation are decomposed
at level 1 and 2 using various chosen wavelet functions such as Daubechies (Db), Symlet
(Sym), Coiflet (Coif) and Bior and the corresponding horizontal detail coefficients with fixed
form threshold are utilized to identify the aggregation size index. By several trials the
standard deviation of the coefficients generated by the wavelet functions for a given image
appeared to show significant variation. It was found to be linearly proportional to the size of
the aggregate. Hence, this parameter was chosen to be the arbitrary index for aggregation size.
Thus, Aggregation Size index (ASI) is the standard deviation of cumulative histograms of the
pixel intensities of the horizontal detail coefficients decomposed at level 1 and 2 and analyzed
using the various chosen wavelet functions.
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Fig. 2 Sequence of processes involved in analyzing the aggregates of different bonding strengths.

The ratio of low frequency to high frequency components is determined and is identified as
the index called Ratio Metric. Figure 2 shows the sequence of processes carried out in the
derivation of the aggregation size index.
3. Results
Table 1 shows the derived aggregation size index values of ten aggregate samples with
different size and degree of aggregation. Different wavelet functions are employed and the
corresponding values obtained by decomposing the images at level 1 are tabulated. With the
image size being constant for all the samples, the index is found to vary widely with aggregate
size. A direct correlation of the index is met with the aggregate size. For samples with larger
spans, the index values are also high. And the index value is found to decrease with
aggregates of smaller spans. Though there is no consistency in the values of the coefficients
obtained using different wavelets for the same sample, the discrimination in size is maintained
for all wavelets. The mean value and standard deviation of the aggregation size indices
derived through four different wavelet functions for typical four samples are presented in
table 2. It is observed that the for all wavelet functions, similar aggregate size indices were
observed.
Table 3 is the ratio of low frequency to high frequency components obtained for the wavelet
functions decomposed at levels 1 and 2. This ratio metric value is also found to have a
corresponding correlation with image sizes. But this correlation is found to define only the
size of the aggregates and not on the intercellular spacing or degree of bonding of the
aggregates.
Figures 3 and 4 show the variation of the derived aggregation size indices obtained for 4
aggregate samples of different sizes using Db5, Sym5, Coif5, Bior5.5 wavelets decomposed
at levels 1 and 2. It is observed that all the chosen wavelet functions show consistent
variations in the index values for an aggregate. The variation in ASI value among the various
wavelet functions employed is consistent for both the decomposition levels for a given
aggregate size.
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Tab. 1 Standard deviation of the cumulative histograms of the horizontal detail coefficients of 10 samples
decomposed at level 1

Samples
1
2
3
4
5
6
7
8
9
10

Wavelet functions
Db 5
Sym 5
78.21
98.64
82.82
93.53
80.47
103.4
91.57
96.89
80.89
109.1
85.86
88.12
81.57
109.7
92.71
118.2
76.86
88.78
75.73
104.5

Coif 5
70.01
75.75
76.52
97.31
80.13
83.71
71.86
80.72
68.23
69.85

Bior 5.5
81.01
90.26
81.34
94.1
87.44
92.28
87.19
101
83.12
79.8

Tab. 2 Mean and standard deviation of the aggregation size indices for 4 wavelet functions

Decomposition
Levels
Level 1
Level2

Mean ±SD of ASI for 4 wavelet functions
Sample 1
Sample 2
Sample 3
Sample 4
81.66±11.81267 85.59±7.944621 98.16±15.74537 79.247±8.8119
98.39±8.859274 113.09±13.50498 123.3±14.5421 103.283±11.6637

Tab. 3 Ratio metric of low frequency to high frequency components obtained for the wavelet functions
decomposed at levels 1 and 2.

Samples
1
2
3
4
5
6
7
8
9
10

Level 1
Db 5
10.31
10.03
11.47
10.32
10.87
10.52
10.22
10.72
11.02
12.38

Sym 5
4.269
4.092
4.52
4.49
4.65
4.663
4.29
4.73
4.56
5.13

Coif 5
3.88
3.808
4.52
4.22
5.187
4.7
4.146
3.91
3.83
4.34

Bior 5.5
3.819
3.455
4.232
3.88
3.96
4.12
3.86
4.28
3.95
4.68
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Level 2
Db 5
1.39
1.58
1.597
1.405
1.42
1.66
1.59
1.59
1.55
1.62

Sym 5
0.9279
0.808
1.286
0.703
0.740
1.033
1.038
0.95
0.834
1.083

Coif 5
1.139
1.313
1.71
1.31
1.64
1.61
1.324
1.28
1.35
1.24

Bior 5.5
0.951
0.969
1.24
0.874
0.856
1.12
1.62
0.992
0.98
1.2
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Fig.3. Variation of aggregation Size indices obtained for 4 samples of different sizes using various Wavelets
decomposed at level 1.

Fig.4. Variation of aggregation Size indices obtained for 4 samples of different sizes using various Wavelets
decomposed at level 2.

4. Conclusion
The phenomenon of red cell aggregation manifests itself mostly in the form of rouleaux and
endows yield stress thereby affecting the microcirculatory flow. The rate and degree of
erythrocyte aggregation depends on the suspending medium, physico-chemical properties and
flow conditions [1]. The adhesive force between red cells in blood flow tends to draw them
towards the center of the flow excluding the other cell types towards walls and increases
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interaction with the vessel endothelium [10]. The interaction between forward blood flow,
downward sedimentation of aggregates and local hemoconcentration due to transcapillary
filtration greatly influences the kinetics of aggregate formation in vivo and its consequences
[27]. All these effects present in the normal individual are exaggerated with the enhancement
in aggregation due to a wide variety of pathologies. Intensity of aggregation has been used as
an index of the severity of such as cardiovascular diseases, diabetes mellitus, occlusive
diseases and microangiopathy [24]. Also superimposed red blood cells might appear as
aggregates, which lead to misinterpretation of aggregate concentrations. Thus the actual
erythrocyte aggregability is a significant prognostic sign in determining the disease stages
[16].
Aggregation indices have been analyzed using various techniques but there are only few
reports on methods to distinguish aggregates based on their size and intercellular spacing. In
this work, the red blood cell aggregate images of various sizes artificially induced in normal
adult samples are analyzed. An attempt has been made to identify the intercellular spacing and
intensity using various wavelet functions. There are earlier reports on analysis of simulated
aggregates employing 1-D wavelet [17]. In the present work red cell aggregates with varied
sizes are analyzed using 2-D Discrete Wavelet Transforms by decomposing them at two
levels. The effectiveness of wavelet functions is assessed through aggregation size index and
it is found that the indices are similar and consistent for a chosen size of the aggregates. The
analysis of low and high frequency components obtained using wavelet decompositions along
with the calculated ratio metric values seems to yield useful information on the size of the
aggregates.
Since aggregation of red cells is a major determinant of flow properties of blood in
microcirculation, studies on automated methods to assess size and index of aggregation are
essential for clinical evaluation [27]. Only very few attempts are made on assessing the
intercellular spacing in aggregates which is a significant factor contributing to the adhesion
strength. Wavelets have proven to be effective in investigating cell shapes and even the sharp
transitions in images were preserved and depicted extremely well in wavelet expansions [13].
From the results it appears that our method of analyzing red blood cell aggregates by 2-D
wavelet transforms taking into account the intensity of aggregation might be of better clinical
significance. Since the size of aggregation and the inter- erythrocytic cohesive forces are
analyzed by considering aggregates of different sizes and different bonding strengths, severity
of pathological conditions could also be assessed. The derived aggregation size index
obtained for various aggregate strengths could be an indication of cell population and this
could assist therapeutic measures. Such observations made continuously with respect to time
would provide insight into dynamics of aggregates and would enable to automate the process
and observe online.
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