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Abstract—The particle size distribution (PSD) of a dispersed
phase is a fundamental geometrical characteristic that needs to
be determined from digital images for many industrial processes
involving a multiphase flow. Nevertheless, when dealing with 2D images, only the projections of the particles are visualized
and therefore the particles can overlap each other. In this
way, this paper aims to develop and evaluate a method for
recognizing overlapping elliptical particles from 2-D images. It
is based on four main steps: binarization of the studied image,
detection of the contour segments, grouping of the segments and
decomposition of the clusters. The proposed multiscale method
enables small and large clusters of particles to be detected. The
performance of the method has been evaluated both on synthetic
images and on real images and also compared to a standard
method of the literature.

I. I NTRODUCTION
For the many industrial processes involving multiphase
flows (e.g.liquid-liquid extraction, petroleum processes, etc.),
the knowledge of the particle size distribution (PSD) is of
major importance. The latter can be assessed by different techniques, among which optical imaging is particularly popular
since it enables a direct visualization of the particles (Fig.
1(a)).
In the literature, several image processing methods have
been proposed for analysing such images in order to detect
and characterize the particles. However, when the particles
overlap each other in the recorded image, specific methods are
required to achieve the analysis. In [1], rectangular particles
are recognized from the grouping of corner points in relation
to some geometrical constraints. The authors in [2] proposed a
circle-like droplet size distribution measurement method using
the famous Hough transform [3]. Even if the Hough transform
can be generalized to detect some non-circular shapes, a more
evolved algorithm has been developed in [4] for ellipse-like
particles detection in an image of dense particulate flows.
The approach is closely related to the one described in this
paper: the boundary of the cluster of particles is detected, the
points of the boundary that represents the connecting points
of overlapping objects (rather called concavity points in this
paper) are found, the section of the contour delimited by
the connecting points and belonging to the same object are
grouped and at last an ellipse is fitted for each cluster of
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contour segments. However, the method used for grouping the
contour segments is not really robust in every configuration
and leads often to wrong detection even in the case of
small clumps of objects. A possible improvement, proposed
by [5], is to group the segments according to the average
distance between the fitted ellipse and the corresponding group
of segments. Then, by adding two more constraints to this
distance criteria, the irrelevant segment groupings are rejected.
This technique reveals to be much more efficient than the one
proposed by [4] and [6] for detecting ellipses in a clump of
objects. However, the major disadvantage of the algorithm
proposed in [5] is the computation time required for large
cluster of particles.
In this contribution, a multiscale method for the shape
recognition of overlapping elliptical particles is proposed. It
consists in decomposing the large clusters of particles into
sub-clusters. The resulting algorithm provides a robust and
efficient method for detecting particles in both small and large
clusters.
The paper is organized as follows. Section 2 introduces
the proposed method which is based on four main steps:
image preprocessing, detection of contour segments, segment
grouping and cluster multiscale decomposition. In Section 3,
the proposed method is evaluated /tested both on simulated
images of elliptical particles and on real images. The last
section gives a conclusion and some perspectives to this work.
II. T HE PROPOSED METHOD
A. Image preprocessing
The pre-processing procedure aims to binarize the original
image. It consists in four mains steps: i) a subtraction of the
mean image to the original image, to get a more uniform
background, ii) an enhancement of the contrast by a top-hat
and bottom-hat filter, iii) a noise removing step with a median
filter, and iv) an automatic local thresholding. Some cleaning
operations using mathematical morphology are also performed
to fill the holes and to remove the very small particles. Figure
1 shows the result of such a preprocessing on a real image.
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B. Detection of contour segments
The segments detection along the contour is achieved
through the detection of what is called ’connecting points’ [4].
These points corresponds to the positions of local minima in
the curvature function along the boundary. These connecting
points can therefore be interpreted as concavity points. This
interpretation is useful for the detection algorithm.
Indeed, as explained in [7], the method used to detect these
points is based on the definition of convexity: a line of specific
length (marked in red color in Figure 2) defined by two contour
points is moved along the boundary (marked in green color).
Thus, if this line is totally enclosed in the cluster, the convexity
of the boundary between the two contour points is proved.
Otherwise, there exists at least one concavity point in this
particular part of the contour. The process, illustrated in Figure
2(a), is repeated until the boundary is totally covered. Note
that the length of the line has to be carrefully chosen to avoid
missing any concavity point, as shown in Figure 2(b).

(a) original image

(a) detection of a concavity point (marked with a dot in blue color)
(b) binarized image

(c) crop of the original image superimposed with the contours of the
binarized image

(b) situation where a concavity point is missed (marked with a square
in blue color)

Fig. 1. Illustration of the pre-processing using actual air bubbles measured in
water. The original image (a) has been binarized (b). For a better visualization,
the contours of the binarized image have been superimposed (in green color)
on a crop of the original image (c) to qualitatively evaluate the proposed
binarization process.

Fig. 2. Illustration of the method of concavity points detection. The detected
concavity point is highlighted by a dot with the blue color.

The section of the contour between two concavity points
corresponds to a contour segment. In order to correctly detect
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the elliptical objects, the segments belonging to the same
particle have to be gathered, before an ellipse is fitted on each
cluster of contour segments.
C. Segment grouping
Several grouping methods have already been studied in
the litterature ([4], [6], [8] or [5]). However, they suffer
either from bad recognition in the case of complex clusters
of particles and/or high computational time in the case of
large clusters. The proposed Segment Grouping (SG) method
combined with a cluster decomposition technique exposed in
this paper addresses these two problems.
1) Notation and problem formulation: The main principle
of the SG method lies in the construction of the minimum
number of segments combinations which are likely to belong
to the same ellipse. It means that each combination of segments should define a candidate ellipse such as the deviation
between the points of the fitted ellipse and the corresponding
points in the segments used to construct the ellipse is minimal.
Therefore, the problem can be formalized in a minimization
problem as follows:

min
n subject to:
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Fig. 3. The i-th combination of segments (marked in red color) is matched
with an ellipse (marked in blue color). For each point j of the i-th combination
of segments with coordinates (xi,j , yi,j ), its distance to the corresponding
0 ) of the fitted ellipse is calculated.
point (x0i,j , yi,j

number of ellipses is selected. Equation (1) may admit several
solutions, consisting in various combinations with the same
number of different underlying ellipses. Thus, when multiple
solutions are found, the one that exhibits the smallest total
average distance deviation ADDtot is retained. At last, the optimal set of combinations defined by this solution is collected
i=1
j=1
and one ellipse is fitted on each combination. An illustration
(1)
of the results for two different clusters is shown in Figure 4.
where:
It can be noted that this method is a brute-force approach for
• n: total number of ellipses (number of combinations)
computing the solution. It should be possible to reformulate
within the cluster of ellipse-like particles.
the problem as a classification problem [10].
i
• N : number of pixels of the i-th combination of segments.
The number of possible combinations that exists within a
• (xi,j , yi,j ): coordinates of the pixel j belonging to the
cluster of Ns segments (for large Ns ) is much greater than
i-th combination of segments.
2Ns . Therefore, it becomes quickly difficult and sometimes
0
0
• (xi,j , yi,j ): coordinates of the corresponding point j of
even impossible to find the best solution to equation (1) as
the ellipse fitted to the i-th combination of segments. N increases. For instance, with N = 15, the number of
s
s
This point is defined as the intersection between the fitted possible solutions to test is as high as 1.38 × 109 . This range
ellipse and the line passing through the center of this of N values, although elevated, is quite usual when complex
s
ellipse and the point (xi,j , yi,j ).
particles overlapping occurs. An additional decomposition
• emax : a user-defined parameter called the maximum toltechnique is therefore required for such big clusters, in order
erance deviation.
q
to prevent from the combinatorial explosion and to offer a
i
P
N
0 )2
1
In this way, ADDi = N1i j=1 (xi,j − x0i,j )2 + (yi,j − yi,j
potential for parallelization.
corresponds to the average distance deviation between the
fitted ellipse and the i-th combination of segments (see Figure D. Cluster multiscale decomposition
3).
The main idea of the decomposition technique is to find
reliable
split lines on the cluster. A split line is a line passing
2) Ellipse fitting technique: The estimation of the
through
a concavity point-pair and separates the cluster in two
parameters of the ellipses fitted on the contour segments
sub-clusters.
is performed with the famous direct least-square fitting
The selection of the best split lines is explained in detailed in
algorithm developped by Fitzgibbon in [9], which offers
a good compromise between accuracy, speed, and ease of [7]. A concavity point-pair is searched such that the following
conditions are satisfied:
implementation, as well as a good robustness to noise.
3) Algorithm: The approach to find the optimal solution
to Equation (1) is described below. First, all possible ellipse
combinations are found, and the one achieving the smallest
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1) the splitting should not separate segments that were
supposed to be combined before the division.
2) the two sub-clusters generated by the splitting should
not be too small.

(a) a cluster of particles superimposed with the fitted ellipses (marked
in red color)
(a) original cluster of particles

(b) another cluster of particles superimposed with the fitted ellipses
(marked in red color)
Fig. 4. Ellipse-like particles detection (marked in red color) for two different
clusters.
(b) detection of the clustering lines

An example of the decomposition process is given in Figure
5 in the case of a synthetic image of a large cluster.
In this example, 17 segments have been constructed. Exploring the whole search space in this case is impossible as
highlighted previously. With this decomposition technique we
reduce the search space of less than 5,000 possible combinations (the sum of the possible combinations in the 3 subclusters). Moreover, the resulting detections are acceptable,
which shows that the process of decomposing a cluster does
not reduce the quality of the detection.
This decomposition technique for large clusters turns out
to be a powerful asset from an algorithmic point of view
because it gives to the algorithm a high parallelisable potential.
Indeed, the SG technique can be carried out independently on
each sub-cluster with the final result simply resulting from the
concatenation of each sub-cluster solution.
III. E XPERIMENTS AND RESULTS
A. Simulation of synthetic data
A set of 30 synthetic images of overlapping elliptical objects
has been generated in order to evaluate the performance of the
proposed method. The synthetic ellipses have been produced

Fig. 5.

(c) resulting sub-clusters

Multiscale decomposition method on a cluster of 18 segments.

using two uniform laws for their semi axis. The semi-minor
axe follows a uniform law in the interval [10, 20] pixels and the
semi-major axe follows a uniform law in the interval [15, 40]
pixels. The ellipses position is also located uniformly in the
window such that border effects are avoided (no intersection
between the border of the window and the ellipses).
B. Qualitative and quantitative evaluation
Firstly, a qualitative result is depicted in Figure 6 for one of
the thirty synthetic images. It can been noticed that the ellipse
recognition procedure reveals to give satisfactory results on
the whole dataset of synthetic images. In order to assess
quantitatively the efficiency and the possible errors sources
in the algorithm, a comparison between the real distribution
of equivalent diameters in the synthetic image and the one
returned by the algorithm has been achieved. A comparison is
also given with the Fitzgibbon algorithm [9] (i.e. without any
combination of the contour segments). The equivalent diameter
is indeed a relevant indicator when characterizing the dispersed
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phase in biphasic systems. It is related to the projected area
of the objects and provides an approximation of the interfacial
surface between the two phases which is fundamental to
control and optimize the heat and/or mass transfer processes.
Figure 7 shows the result of this comparison.

Fig. 7. Particle size distribution (PSD) of the population of ellipses. The
true PSD used for generating the synthetic images is compared to the PSD
obtained with the Fitzgibbon algorithm [9] (i.e. without any combination of
the contour segments) and with the proposed method. The inset gives the mean
and standard deviation of each PSD as well as the relative error between the
PSD estimated by the algorithm and the true PSD.

case-study, a dense population with mostly elliptical particles
is considered. The corresponding image is depicted in Figure
8, where the resulting ellipses, predicted by the algorithm, are
marked with red lines. For the second case-study, a very noisy
image is processed in order to assess the robustness of the
algorithm in this penalizing situation. The results are shown
in Figure 9 .

(a) Detected ellipses on a synthetic image

IV. C ONCLUSION AND PROSPECTS

(b) crop of the image (a) for a better visualization
Fig. 6. Results of the proposed method on a synthetic image. The detected
concavity points are marked in green color and the detected ellipses are
marked in red color.

As evidence by Figures 6 and 7, the proposed algorithm has
a good qualitative and quantitative performance to recognize
overlapping elliptical particles. The total number of ellipses
on the set of synthetic images is 5,534 and the number of
ellipses detected by the algorithm is 5,051, i.e 8.7% of missing
particles. Moreover, the comparison of the range of the length
of the major axis against the one of the minor axis of the
ellipses points out that 91.6% of the detections have coherent
axis length.
C. Application to real data
The performance of the proposed ellipse recognition algorithm has also been investigated on real images. In the first

In this paper, a multiscale method has been developed to recognize overlapping elliptical particles from 2-D images. The
proposed approach mainly consists in detecting the contour
segments within a cluster and in fitting a set of ellipses to these
segments. This method has been defined in a multiscale way
and therefore enables small and large clusters of particles to be
correctly detected. Validation tests, achieved on both synthetic
and real images have highlighted the good performance of the
proposed method.
This recognition method appears particularly suitable to
evaluate the particle size distribution (PSD) from pictures typical of multiphase industrial processes. The proposed method
should also be investigated for other applications such as
in biological imaging where clusters of elliptical cells could
appear. The method can moreover be generalized so as to
deal with other convex particle shapes (such as rectangles,
triangles. . . ). Indeed, only the average distance deviation has
to be adjusted.
Currently, the authors investigate stochastic geometrical
tools [11] for modeling, simulating and characterizing a
random population of overlapping particles that statistically
represents the real data [12]. In this way, the particle size distribution can be indirectly estimated through the identification
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(a) original image superimposed with the detected ellipses highlighted
in red color

(a) original image superimposed with the detected ellipses highlighted
in red color

(b) crop of the image (a) for a better visualization
Fig. 8. Result of the proposed algorithm on a real image. Note that the
binarized image of this original image (as well as its crop) is given in Figure
1.
(b) crop of the image (a) for a better visualization

of the parameters of the fitted geometrical model.
Fig. 9.

Result of the proposed algorithm on a real noisy image.
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