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Abstract. The paper describes an algorithm to count and classify cells of
different geometrical shapes on a given image. The algorithm assumes that it
is known a priori the type of geometries to be recognized and it allows for many
different geometrical shapes to appear in the same image with different sizes,
locations and orientations. The algorithm combines classical tools, mainly
the two dimensional Fourier transform, with newly developed tools for edge
enhancements as well as the main technical contribution of the present paper,
which consists in the definition of an over-complete set of spanning functions.
These functions are constructed from geometrical templates of size comparable
to the image cells; moreover, the resulting functions are scaled and rotated
to assure the recognition of all image cells. We then describe an algorithm
that decomposes the image in its most likely elements. The combination of
ingredients used by the algorithm provides a cell recognition tool that is very
robust, provides high resolution to discern among competing candidate cells
and delivers practical computational efficiency.

1. Introduction
Recognition algorithms have been widely studied in the literature using several
methods like neural nets, entropy analysis, wavelets, genetic algorithms [1] and also
optical implementations [2]. More specifically, [3] uses the technique of Principal
Component Analysis for cell recognition and [4] describes the use of the watershed
algorithm for cell segmentation and tracking.
Our technique departs on the existing literature by providing a construction of
a system of wavelet templates that match the cell shapes in the input image. This
matching between the analyzing cells and the image cells gives an algorithm that
provides high resolution for cell localization and shape classification. This feature
allows to resolve the localization of cells (with varying geometrical shapes) occurring in clusters commonly found in images with high cell density. The proposed
algorithm is computationally efficient as it makes use of the fast Fourier transform.
The main contribution of our paper is the construction of these analyzing template functions. Starting with the a priori given geometries, the algorithm synthesizes cells and enhances their borders in such a way that cross sections behave
like a wavelet-like function. This wavelet parametrizes our constructions and may
be changed to suit the application, its role is to enhance the contour of the basic
analyzing cells. Moreover, these analyzing cells were scaled and rotated to assure
the recognition of oriented cells in the input image. An important step in the algorithm is the pre-processing of the image in order to increase the match between the
analyzing cells and the target cells. To perform this pre-processing we make use
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of a new approximation tool that enhances the edges in an image. The algorithm
performing this type of approximation is called the Vector Greedy Splitting (VGS)
algorithm and it is fully described in [5].
Once the set of analyzing functions is constructed we simply use the correlation
as a measure for recognition. These inner products must be calculated at any
position in the entire image. In this paper we provide examples of the proposed
algorithm to cell recognition in synthetically created images and also for red cell
recognition in microscope images. Our interest in this last application stems from its
use in pathology detection [6]. We hope that it will be clear from our explanations
and constructions that this technique could also be refined to detect more detailed
characteristics of the cells.
The rest of this paper is organized as follows, Section 2 describes the key ingredients of the construction and provides an indication of the scope of the procedure.
Section 3 describes how to pre-process the input data and how to isolate the candidates for cell images based on the information provided by the largest inner products
between the image and the analyzing dictionary. Section 4 provides some illustrations of the algorithm and gives an indication about the quality of the results to be
expected from the algorithm.
2. Main Construction
The goal of this work is to recognize and count the cells in the input image, in
particular this implies that we need to classify different shapes. For the purposes of
this note we concentrate mainly on elliptical shapes but during the developments
we will also comment on how the algorithm can accommodate rather arbitrary
shapes and combinations of different shapes in the same image. We do provide
some examples for other shapes in Section 4.
The analyzing cell functions are collected in a dictionary that we call D, elements
of this set are two dimensional functions denoted by ψ. We construct and normalize
these functions in such a way that they are readily discretized and available for
digital manipulation.
Let Ω be the function domain, then
P define the inner product between two elements ψ and ψ 0 as follows: hψ, ψ 0 i = x,y∈Ω ψ(x, y) ψ 0 (x, y).
2.1. Building the Representative Set. In order to construct D we need to have
access to a one dimensional wavelet function. To be definite, consider H(x, y) to
be the difference of Gaussian functions given by:
H(x, y) = A e−(x

2

2
+y 2 )/σa

2

− B e−(x

+y 2 )/σb2

,

where A and B are constants needed for normalization purposes and to approximate
the “Mexican Hat” wavelet. The scale parameters σa2 and σb2 are mostly calibrated
empirically, we discuss them further later in the paper. Let χ(x, y) be a disk
function (i.e. a characteristic function) defined by
(
2
2
1
if xr2 + yr2 < 1,
i
j
χi,j (x, y) =
0
otherwise.
Remark: If we were interested in other geometrical shapes besides elliptical we
should just replace the above disk for a characteristic function with the required
shape. This “disk” could also be acquired from the original input image.
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A key ingredient in our construction is to transform this disk into a mean zero
and normalized oscillating function in such a way that the oscillations occur on the
edge of the disk. One way to achieve this effect is to consider the correlation χ ∗ H
which enables us to define the following analyzing functions
ψi,j,0 (x, y) = χi,j (x, y) ∗ H(x, y),
where ∗ denotes the convolution operation.
In order to discretize the collection ψi,j,0 and at the same time to construct
a collection capable of spanning the variety of ellipses occurring in the original
image is to choose the radius ri and rj of χi,j in such way that hψi,i,0 , ψi+1,i+1,0 i ≈
0 and hψi,j,0 , ψi,j+1,0 i ≈ 0, under the constraint rj ≤ ri . The third subindex is
reserved for the rotation angle θk
ψi,j,k (x, y) ≡ ψi,j,0 (x cos θk + y sin θk , x sin θk − y cos θk ).
We choose θk in such way that hψi,j,k , ψi,j,k+1 i ≈ 0 and 0 ≤ θk ≤ π.
Remark: If we were dealing with non-elliptical shapes we will need to scale
and rotate them in an analogous way and at the same time making sure we have
enough variety of analyzing functions in order to approximate the natural shapes
appearing in the input image. Finally, we normalize all the functions ψi,j,k to have
square norm one.
In Figure 1 some of this functions are displayed.

Figure 1. Sample of elements from D
Finally, for a given image I and ψ ∈ D we define the Correlation Map
(1)

Cψ : Ω → R by Cψ ((x, y)) = (ψ 0 ∗ I)(x, y).

Recall that this map contains the inner products defined by λi,j,k (x, y) = hψi,j,k (x, y), I(x, y)i.
Once the set of analyzing functions is constructed we simply use the correlation as
a measure for recognition. This inner product must be calculated at any position in
the entire image, this can be done by using the convolution property of the Fourier
transform.
3. Overview of the Algorithm
3.1. Input Data. Inputs to our technique are set of medical images, denoted generically with I, of blood samples acquired from a microscope, the size of each images
is 512 × 512 and with 24 bits of color depth (RGB 8 bits per channel). For this
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specific application we will only consider the luminance. We also have created several synthetic images to test the proposed algorithm. Details for these images are
provided in Section 4.
3.2. Pre-processing. Pre-processing is an important component of the proposed
technique which is used to enhance the features to be detected.
A first pre-processing step consists of executing the VGS algorithm described
in [5], the resulting image Iv has image cells with enhanced edges. The second
step is to evaluate Iv ∗ H(x, y), which produces the same effect in the cell images
as the one described for the analyzing images. We will continue referring to this
pre-processed image as I. As a result of this preprocessing, regions of the image
with a greater size than the width of the Mexican hat wavelet will have a zero mean
value. It follows that the size of this function, given by the parameters σa and σb ,
is an important feature that we can adjust to enhance the objects’ boundaries.
Figure 2 displays the original image and the image with local mean zero after
the pre-processing (a constant was added to the DC component for proper visualization).

Figure 2. Original and pre-processed images
3.3. Isolating Maxima of Inner Products. Define the maxima correlation map
by
J0 (x, y) = max Cψ (x, y), also let
ψ∈D

(xi , yi ) = arg max Ji (x, y)
(x,y)∈Ω
½
Ji (x, y), if (x, y) 6∈ Or (xi , yi );
Ji+1 (x, y) =
0,
otherwise.
Let r be the parameter that specifies the minimum resolution distance that will
differentiate two competing cells in a cluster. Given this parameter, we can then
define the neighborhood of the point (xi , yi ) by:
Or (xi , yi ) = {(x, y) ∈ Ω : k(x, y) − (xi , yi )k < r}.
Figure 3 shows J0 as a 3-dimensional image.
The inner products Ji (xi , yi ) are collected into a priority queue Q ordered by
the largest values. Then a threshold τ is used to select which inner products will
be kept for reconstruction, notice that these numbers also supply the location and
size of the wavelet templates. This priority queue is displayed in Figure 4. Notice
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Figure 3. Maxima Correlation Map
that the threshold mentioned can be easily obtained from the information in the
graph.

Figure 4. Decay of inner products for recognition

4. Results
In this note we do not report detailed statistical errors, we do mention that
the performance is very good (as it should be clear from the images displayed).
The left image in Figure 5 shows a region from a synthetic example image. The
full input image contained 200 elliptical cells of different sizes with many clusters.
Red dots have been superimposed to the left image to indicate the location of the
recognized cells. The image at the right contains the reconstruction based solely on
the wavelet templates with inner products above a threshold. The performance of
the algorithm in this case was 98% of true positives (TP) and there were no false
positives (FP);
Figure 6 shows a similar example but this time with translucent cells. Details
for the input and reconstruction images corresponding to the upper right corner
are displayed at the bottom (98.2% TP and 1.5% FP).
The left image in Figure 7 shows the complete input image containing 200 rectangles, the image at the right shows the reconstruction (98% TP and 2% FP).

6

A.J. BERNAL, S.E. FERRANDO AND L. J. BERNAL

Figure 5. Detail of high density synthetic input image (left) and
its reconstruction (right), 98% true positives (TP), no false positives (FP).

Figure 6. Translucent original image with detail superimposed
and its reconstruction, 98.2% TP, 1.5% FP
In Figure 8 we show the reconstructed image (using our algorithm) superimposed
to the original input image displayed in Figure 2 (98% TP and 0.87% FP).
5. Conclusions and Final Remarks
The present work describes a robust algorithm to perform cell recognition for
counting and classification purposes. The set D described in this work is suitable
for recognition of rather general arbitrary objects without internal structure.
The algorithm allows to discern among image cells located in clusters and also
among different shapes.
There are several possible applications, for example: counting of nuclear traces
in plastics where the diameters represent the energy of the particles, another interesting application is the classification of pathological cells. The technique could
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Figure 7. Left: input image with rectangles. Right: reconstruction. 98% TP, 2% FP

Figure 8. Result of recognition for red cells. 98% TP, 0.87% FP
also be applied to assist in the detection of objects immersed in 3-dimensional
volumetrical images (as the ones obtained by ultrasound or MRI).
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