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Abstract. High-throughput microscopy imaging applications represent an im-
portant research field that is focused on testing and comparing lots of different 
conditions in living systems. It runs over a limited time-frame and per time step 
images are generated as output; within the time-range a resilient variation in the 
images of the experiment is characteristic. Studies represent dynamic circums-
tances expressed in shape variation of the objects under study. For object ex-
traction, i.e. the segmentation of cells, aforementioned conditions have to be 
taken into account. Segmentation is used to extract objects from images and 
from objects features are measured. For high-throughput applications generic 
segmentation algorithms tend to be suboptimal. Therefore, an algorithm is re-
quired that can adapt to a range of variations; i.e. self-adaptation of the segmen-
tation parameters without prior knowledge. In order to prevent measurement  
bias, the algorithm should be able to assess all inconclusive configurations, e.g. 
cell clusters. The segmentation method must be accurate and robust so that re-
sults that can be trustfully used in further analysis and interpretation. For this 
study a number of algorithms were evaluated and from the results a new algo-
rithm was developed; the watershed masked clustering algorithm. It consists of 
three steps: (1) a watershed algorithm is used to establish the coarse location of 
objects, (2) the threshold is optimized by applying a clustering in each wa-
tershed region and (3) each mask is reevaluated on consistency and re-
optimized so as to result in consistent segmented objects. The evaluation of our 
algorithm is realized by testing with images containing artificial objects and 
real-life microscopy images. The result shows that our algorithm is significantly 
more accurate, more robust and very reproducible. 

Keywords: High-Throughput Imaging, Segmentation, Watershed, Fuzzy  
C-means clustering, Fluorescence Microscopy, Systems Biology. 

1 Introduction 

Image segmentation is an image analysis method that separates pixels into characte-
ristic groups. For high-throughput image analysis, image segmentation is quintessen-
tial in obtaining precise per-object information that need be analyzed. Generic  
segmentation methods cannot always obtain optimal results. Often we have to tune 
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the generic segmentation method with heuristics to get the result with which further 
processing will be possible. The methodology described in this paper is used in a 
biomedical setting; i.e., in a workflow which measurements are extracted from images 
to support the understanding of indigenous phenomena in the images. Segmentation is 
but one step in this workflow towards the understanding of the image content by 
means of pattern recognition. Notably, such understanding can only be retrieved in 
the context of the application; often in the process of image segmentation, heuristics 
from the domain at hand are included. Thus, assuring that the understanding is based 
on correctly measured features makes the segmentation step crucial. 

In this paper, we focus on segmentation in the high-throughput (HT) imaging as 
applied to the study of cell systems. High-throughput applications are often related 
with high-content applications, here we restrict to high-throughput as for the under-
standing of the development of our algorithm it suffices. This study is motivated by 
the consideration that in the field HT-imaging the current segmentation algorithms 
perform inadequate. In order to explain the development of a new algorithm we brief-
ly introduce the application field. Subsequently, we introduce typical pitfalls of HT-
imaging and thereby formulate requirements that are important to the development of 
our algorithm. Underlying this introduction is the workflow in HT-imaging that starts 
with image acquisition and through a pipeline of image processing ends with image 
understanding achieved through pattern recognition. 

1.1 High-Throughput Cell Imaging 

The application of HT-imaging is of increasing importance in the study of cell sys-
tems. In the past decades, there has been a considerable progress in imaging tech-
niques and molecular engineering. Consequently, this progress has been addressed to 
make the study of cell systems feasible. Starting point for the imaging is the com-
pound microscope that is adapted to study cell systems in vitro. That is, as cell cul-
tures in small containers specifically suitable for microscopy imaging. These systems 
are studied under a range of different conditions including duplicates and controls in 
the same experiment. This requires a specific setup which is commonly referred to as 
a high-throughput screening (HTS) [6, 20, 31]. The aim of a screen is to capture and 
quantify the unique cellular and/or molecular phenotype of a particular cell line under 
different conditions. The cells are cultured in a 96-well culture plate [20, 31] in which 
each well represents an experimental condition; some wells are used for duplicates 
and control groups.  

In order to accomplish a quantification of the phenotype by accurate descriptors, a 
robust image analysis pipeline must be configured. This pipeline receives time-lapse 
image sequences as input. These time-lapse sequences are captured with a micro-
scope/camera setup and comprehend a complete HTS experiment. The pipeline  
includes acquisition, preprocessing, segmentation, object labeling, tracking, measure-
ment and classification [4, 5, 28]. From the results of machine learning, conclusions 
can be formulated that are meaningful and comprehensive in the context of biology. 
The critical step in the processing pipeline, however, is the extraction of individual 
objects, i.e. cells, as precise as possible. This requires a robust segmentation algorithm 
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that produces accurate and reproducible results over the large amounts of images from 
the HTS. A typical screen requires large volumes of data to be processed; e.g. an expe-
riment for drug-target discovery produces more than ten 96-well plates. Assuming 
acquisition of three time-lapse image sequences per well, with a length of 150 frames 
(5 min/frame over 12 hrs), will then result in over 400K images per experiment. Each 
image contains 50-200 objects (cells), which, normally, cover approximately 10% of 
the cell population in a well. So, in the application domain of HTS, we have to take 
into account the conditions under which images of the objects are acquired. There are 
limitations that need be accounted for in terms of heuristics in the algorithm that is 
devised for such applications. 

Typically, fluorescence microscopy [26, 29] is the microscope modality in HTS 
imaging and it requires the application of fluorophores to the object under study, 
a.k.a. fluorescent staining or ‘labeling’. Fluorescent staining is based on a class of 
dyes that have the capacity to emit light under excitation [26]. The major advantage of 
fluorescence microscopy, over phase contrast or bright field microscopy is that differ-
ent stains can be simultaneously applied to functional components or protein com-
plexes within the cell, which may reveal underlying phenotypic correlations between 
cell migration and protein complex localization. Each specific staining can be visua-
lized in a separate channel of the microscope through the use of bandpass filters. The 
image capture is achieved with a CCD camera mounted on the microscope [4, 5, 28]. 
The CCD characteristic of a linear response to the amount of light, even at low doses 
[29], is important in fluorescence microscopy. The amount of fluorophore, through 
specific binding per object, however, is subject to per-object variation and experimen-
tal bias (cf. Fig. 1). 

In the 96-well plate, the substrate of each well to which the cells are adhered, is 
slightly concave toward the center of the well. This complicates the imaging, and 
contributes in uneven density distribution in the cells. The lens cannot correct for this, 
it is a trade-off between higher numerical aperture, i.e. resolution [29], and focal 
depth. As accuracy in the description of the shape is required, a sufficient numerical 
aperture needs to be chosen for the imaging thus compromising in focal depth. We 
have to acknowledge these conditions to contribute to the quality of imaging and hen-
ceforth might affect the quality of the segmentation result. 

1.2 Evaluation of Segmentation Algorithms in HT-Imaging 

As indicated, HTS experiments cover dynamic events and therefore images are  
acquired in time-lapse. This result in large amounts of images, a typical experiment 
can account for 100K to 500K images per screen; consequently, computational load 
has to be considered. Moreover, as conditions may differ, the parameters for segmen-
tation cannot be applied over a global set but have to be determined in local environ-
ments. In addition, over all images the algorithm needs to cope with situations that 
may result in erroneous outcome of the features. The crux of the segmentation algo-
rithm is therefore to prevent errors in the measurements that would otherwise intro-
duce misclassification and misinterpretation. The objective is to find all objects and  
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extract morphological features/descriptors from these objects. A major complication 
is that the signal, i.e. the fluorescent labeling, is not evenly strong in all objects (cf. 
Fig. 1b). This is an experimental flaw that needs to be taken into account. 

Given the consideration on the segmentation algorithms, a possible candidate is the 
fuzzy C-means segmentation algorithm, which is derived from the fuzzy C-means 
clustering algorithm [3]. Similar to Otsu [23], it provides an intensity threshold that is 
used to separate background and foreground pixels. The disadvantages are similar to 
those found in the Otsu algorithm. Therefore, we aim at a local approach of a cluster-
ing application and we need to consider methods to regionalize the image. Finding 
such regions can be dealt with through a seeded watershed approach [2, 14]. Via the 
combination of fuzzy C-means algorithm and watershed algorithm, we derive an in-
novative form of segmentation, namely watershed masked clustering (WMC). 

The WMC algorithm consists of three steps and at each step the segmentation re-
sult is further refined. It first finds several coarse regions; each region is considered a 
rough mask that requires further optimization. Next, a more precise mask is obtained 
from each coarse region. In the final step, the masks are assessed and, if necessary, 
corrected using multiple criteria. Following this principle, the WMC algorithm con-
verts a multimodal optimization problem into a simpler collection of several optimiza-
tion problems while each is guaranteed unimodal.  

The WMC is designed to be a robust and dedicated solution to the particular ap-
plication of the image segmentation in large high-throughput screens to study cell 
systems. Compared to currently used segmentation approaches, WMC is very sensi-
tive to regional variation of intensity values in images (cf. Fig. 1b); specifically for 
images of cells with fluorescent labeling.  

The remainder of this paper is organized as follows; in section 2, the structure of 
the WMC algorithm is explained in detail. Subsequently, the performance of the 
WMC algorithm is illustrated, at the same time the algorithm is compared to a number 
of other segmentation approaches, i.e. Otsu [23], Bernsen local adaptive thresholding 
[13], hysteresis edge-based thresholding [9] and level-set methods [30]. Finally, we 
present our conclusions and discuss our developments and results in broader context. 

2 Watershed Masked Clustering Algorithm 

In Figure 2, the outline of the algorithm is depicted. In the discussion of the algo-
rithm, we will refer to this figure and its corresponding details for each of the subparts 
of the algorithm. For an algorithm to be suitable for high-throughput screening the 
following requirements must be satisfied: 

1. Adaptive to local variations in intensity 
2. Capable of processing large amount of images without parameter recalibration 
3. Capable of finding a separation between objects 
4. Computationally efficient 
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2.2 Object Segmentation 

The application of the watershed method provides coarse regions. Given these coarse 
regions, starting point for the next step in our algorithm follows from the intrinsic 
features of the watershed method; it is guaranteed that: 

1. In each watershed region, the intensity landscape is always unimodal [2, 14]. 
2. Seeded watershed implements a restriction on the possible starting point of path 

searching. An empty region usually does not contain valid seed, thus no watershed 
region will be formed in an empty region. 

In order to find the object in each region, an approach is required that is capable of 
establishing a local adaptive threshold while being computational finite. Such can be 
accomplished by a weighted fuzzy C-means clustering algorithm (WFCM). This clus-
tering is applied sequentially in each of the regions to search an optimal value for 
thresholding in the region. Consequently, each region has its own threshold value 
taking into account local conditions, i.e. the local variation in image intensity.  

In addition, the WFCM method has a set of weighting factors ω that allows the in-
troduction of prior probability of the pixel membership in clusters. The definition of 
such a weighting factor is similar to the reversed version of the prior probability in 
Bayesian theory. A smaller weighting factor is assigned to the cluster having, poten-
tially, a larger standard deviation and vice versa. The sum of all weighting factors is 
always one. The weighting factor ω can be directly derived from the data [15, 21] 
however, with a known type of image data, commonly, a preset value is used. The 
WFCM method is formalized as: 

௜௝ݑ ൌ ቌ෍ ቆ ௝߱ · ฮݔ௜ െ ௝ܿฮ߱௞ · ԡݔ௜ െ ܿ௞ԡቇ ଶ௠ିଵ௞ୀଵ
௖ ቍିଵ, (1)

where uij denotes the membership matrix, ௝ܿ is the jth cluster, ݔ௜ is the data vector i 
and ௝߱ is the weighting factor for cluster j. Empirically, it has been established that 
for cell imaging a value of ω = 0.2 for the foreground and a value of ω = 0.8 for the 
background is sufficient. This should be interpreted as: (1) there is an 80% chance a 
certain pixel is belongs to the foreground and (2) there is a 20% chance that a certain 
pixel is belongs to the background. By increasing the weighting factor for the fore-
ground, less intense structures, such as cell protrusions or objects with a low overall 
intensity, will be discarded. In this manner, the weighting factor works similarly to 
the parameter for the degree of sensitivity in the fuzzy c-means clustering algorithm 
[21]. Along with eq.1, the clusters are formalized as: 

௝ܿ ൌ ∑ ൫ݑ௜௝௠ · ∑௜൯௜ୀଵேݔ ൫ݑ௜௝௠൯௜ୀଵே , (2)

where uij denotes is the membership matrix at step k and m is the, so called, fuzzy 
coefficient that expresses the complexity of the model,  by default m=2. In our algo-
rithm, we strive at a quick convergence of the WFCM and therefore the initial seeds 
for c are defined as follows: 
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ܿி௢௥௘௚௥௢௨௡ௗ௦௘௘ௗ ൌ ܫ ҧ ൅ ሺ2௡௕ െ 1ሻ · ௠௔௫ܫ െ ܫ ҧߪሺܫሻ , (3)

ܿ஻௔௖௞௚௥௢௨௡ௗ௦௘௘ௗ ൌ ܫ ҧ െ ሺ2௡௕ െ 1ሻ · ܫ ҧ െ ሻܫሺߪ௠௜௡ܫ , (4)

where Imin, Imax denote the minimum/maximum intensity in the image I, ܫ ҧdenotes the 
mean of the intensities in image I, ߪሺܫሻ denotes the standard deviation in the intensi-
ties of the image I and nb denotes the dynamic range of the intensity expressed in 
number of bits. In the standard case of unsigned 8-bit images nb=8.  

This approach provides a robust solution to address the complexity in the HTS im-
ages regarding variation in foreground and background intensities. The application of 
this step results in a binary object in each of the regions of step 1 (cf. §.2.1), if correct, 
shape features can be derived. However, the watershed method might have introduced 
some irregularities in the establishment of the coarse regions, which requires an addi-
tional evaluation; this evaluation is elaborated in the next section. Examples of the 
application of this step of the WMC algorithm are worked out in the section 3. 

2.3 Object Optimization 

At onset of our algorithm, the watershed segmentation is applied resulting in regions 
that are individually processed. Depending on the variation in the data, the watershed 
algorithm is known to result in an overcut of the segmentation; overcut is referred to 
as the situation in which the watershed segmentation produces more regions than 
actually present in the image [12]. This overcut might affect the individual objects, 
because of which the objects need be split or merged (cf. Fig. 4). Therefore, the last 
step in our algorithm is to compensate for the possible overcut caused by the water-
shedding. This process is an object optimization as we evaluate the results obtained in 
the object segmentation. In this procedure, only the objects that share a border with a 
watershed line are evaluated, as these objects are the candidates for overcut.  

The solution for the object optimization is a merging mechanism that uses multiple 
criteria; currently, two criteria are implemented, i.e.: 
1. Evaluation of the strength of watershed line; the objects are merged based on a lo-

cal difference in maximum and average intensity in the object. 
2. Evaluation of the orientation of the objects; the object are merges based on assess-

ment of the difference in orientation of their principal axes. 

For criterion 1, we implemented an intensity-based merging algorithm so as to esti-
mate the necessity of merging the objects through the evaluation of the strength of the 
watershed lines. In this function all watershed lines are evaluated. This criterion can 
be generalized with the evaluation function K: ܭ ሺ݈௜ሻ ՜ ݉݅݊ ൬ߜଵ߬ଵ , ଶ߬ଶ൰ߜ ൐ ௞ܶ, (5)

where the li denotes the ith watershed line, δ1 denotes the difference between the aver-
age intensity under the watershed line and maximum intensity of object on one side of 
the watershed and similarly, δ2 represents the object on the other side of the watershed 
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measured. The intensity profile of an object is derived by applying the binary mask to 
the original image. A large range of features can be used [25] so that features can be 
used to discriminate between experimental conditions that are applied [18, 19, 31]. 

3 Performance of the WMC Algorithm 

In this section the performance of our segmentation algorithm will be addressed. In 
order to get a good impression of its robustness, we employed two tests: i.e., a test 
with artificially generated images and a test with images from real HTS experiments. 
Each artificial image contains a number of generated ellipsoid objects. Each HTS 
image contains in vitro cells that are fluorescently labeled. The performance estima-
tion for each algorithm is derived from the comparison between the binary mask ob-
tained by the algorithm and the corresponding ground-truth binary mask for each 
image. In the generation of the test images, the ground-truth masks are for the artifi-
cial test images are explicitly constructed. The usage of such artificial image provides 
an image test set with an unbiased ground-truth and controllable noise, allowing the 
emulation of a worst scenario in fluorescence microscopy imaging.  

The pixel-level mismatch of the comparisons is calculated for all algorithms. The 
rationale behind this test is to simulate the typical data processing workflow for HTS, 
therefore the parameters used for each of the algorithms are optimized only once and 
henceforth applied to the whole image set in the experiment. For none of the algo-
rithms in the experiment an individual tuning is applied. The parameters for all  
algorithms were obtained from the HT screening literature [1, 4, 5, 16, 28]. 

Segmentation algorithms are often considered simplified versions of linear classifi-
ers trained in intensity space [13, 23, 24]. Similar to the error estimation for a classifi-
er, the error test normally covers both type I (False Positive) and type II (False  
Negative) errors. Often the performance of a segmentation algorithm is assessed using 
the number of correct and incorrect segmented pixels [21]. Only covering the type I 
error may lead to an overtraining of the algorithm [3]. For a balanced conclusion we 
take into account both type I and type II error. Furthermore, instead of just using the 
two errors types, we introduce the F1-score [7]. The two types of errors for different 
algorithms are defined in terms of the true positive and true negative. True positive 
(TP) is defined as the ratio of pixel overlap between the ground-truth mask and the 
segmented mask by each algorithm, expressed as:  ܶܲ ൌ ܯ ת ԢܯԢܯ , (7)

where M’ is the set of pixels belonging to the foreground of binary mask provided by 
the algorithm and M is the set of pixels belonging to the foreground of the ground-
truth mask. In similar fashion, the true negative (TN) is calculated from: ܶܰ ൌ ഥܯ ת ഥԢܯഥԢܯ . (8)

In this way, TP represents the percentage of correctly segmented foreground pixels 
whereas TN represents the percentage of correctly segmented background pixels. 
Form the values of TP and TN, the false positives (FP) are derived, i.e. FP = 1-TP 
(percentage of incorrectly segmented foreground pixels), and likewise the false  
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negatives (FN) are derived, i.e. FN = 1-TN (incorrectly segmented background pix-
els). From these values, the sensitivity and specificity the [8] are calculated by: ݕݐ݅ݒ݅ݐ݅ݏ݊݁ݏ ൌ ൬ ܶܲܶܲ ൅ ൰ (9)ܰܨ

ݕݐ݂݅ܿ݅݅ܿ݁݌ݏ ൌ ൬ ܲܨܰܶ ൅ ܶܰ൰ (10)

Given the results, the specificity and the sensitivity for all of algorithms of a particular 
set of test images can be computed. The results are shown in Table 3. In addition, 
from the specificity and sensitivity, the F1-score is derived by:   1ܨ ൌ 2 · ݕݐ݂݅ܿ݅݅ܿ݁݌ݏ · ݕݐ݂݅ܿ݅݅ܿ݁݌ݏݕݐ݅ݒ݅ݐ݅ݏ݊݁ݏ ൅ (11) .ݕݐ݅ݒ݅ݐ݅ݏ݊݁ݏ

An ideal segmentation algorithm should yield the highest F1-score but this only oc-
curs when both specificity and sensitivity are approaching 100%.  

In the next sections, we tested for 5 algorithms, i.e. Bernsen local adaptive threshold-
ing, Otsu thresholding, Level-set segmentation, Hysteresis edge-based segmentation, 
and our WMC algorithm. We have included Fuzzy C-means clustering (FCM) to the 
tests to illustrate the enhanced performance of our approach. All algorithms have 
claimed the intrinsic capacity of performing well under noisy conditions typical to HTS 
imaging [4, 5, 16, 25, 28]. For the algorithms, open-source plug-ins implementations 
available in ImageJ [32] and CellProfiler [1] have been used without modifications. 

3.1 Artificial Objects and Test Images 

The intended application for our segmentation algorithm is high-throughput cell im-
aging. In order to understand and verify the behavior and performance of our algo-
rithm, ground-truth images with objects resembling the shapes which are normally 
found in time-lapse cell imaging, are constructed (cf. Fig. 5a). Each image consists of 
a number of ellipsoid objects and each object has a unique intensity profile. The in-
tensity profile (landscape) is generated through an exponential decay function that is 
initiated at the centre of each object. The minimum and maximum value of an intensi-
ty profile of an object is generated using a uniform distributed random generator and 
scaled in the range of [20, 255] – in this way sampling to an 8-bit image is simulated. 
In addition, the orientation of each of the objects is varied by applying a rotation to 
each of the object in the range of [-30º, 30º] using the center of mass as the pivot; the 
rotation angle is selected from a uniform random generator. The original binary image 
with all the objects is kept as the absolute ground-truth mask for the segmentation so 
that error estimation can be applied over a range of test images that are subjected to a 
range of different conditions of noise. In this test, a total amount of 30 images is gen-
erated. To simulate image noise typical to HTS and fluorescence microscopy, Poisson 
noise is generated and applied to the images.  

3.2 Performance Test with Artificial Images 

All algorithms are applied over the same 30 test images (cf. Fig. 5). The F1-scores are 
listed in Table 1. The object merging accuracy in WMC is also tested using the same 
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image set. An overcut object is defined as a group of objects obtained by segmenta-
tion algorithm share the same object in ground truth mask. A total amount of 238 
overcut objects are detected in this image set. Using object optimization, the WMC 
recovers 202 out of 238 overcut objects, i.e. approximately 85%. 

3.3 Microscope Images 

In order to test the performance of the WMC in the images it is designed for, we have 
selected two sets of images from the application domain. The intention of the test is to 
illustrate the performance in a typical setting and compare the performance with re-
spect to the same selection of segmentation algorithms used in the artificial test im-
ages; the test is completely similar to the test with the artificial test images. We will 
make use of two different image sets. The first image set is known as the “Human 
HT29 Colon Cancer” dataset [16] (cf. Fig. 6) containing 12 images of human HT29 
colon cancer cells. The samples were stained for the nucleus (Hoechst) and the cytop-
lasm (phalloidin) in two separate channels. The second image set is a time-lapse im-
age sequence, i.e. a dynamic process, which is an MLTn3 cell line [17, 19] used to 
study migration in live cancer metastasis processes (cf. Fig. 7). It consists of 96 time-
lapse image sequences, each of 75 frames. Each sequence portrays an in vitro cell 
migration pattern typical in HTS experiments. The cytoplasm is stained through green 
fluorescent protein (GFP). For the performance tests, we will only use the first 14 
images of the sequence to reduce the size of the image set to reasonable for propor-
tions for this test. In addition, for this image set also a ground-truth image is required. 
The MTLn3 ground-truth images were obtained by manual segmentation performed 
by biologists through tracing on a digitizer tablet (WACOM Cintiq). In contrast to the 
artificial image set, manual segmentation may contain observation bias between and 
within observers. To that end the manual segmentation is replicated a few times to 
reduce observer effects. 

We will further refer to the first image set as the HT29 set and the second set as 
the MTLn3 set. The HT29 set is captured at significant higher resolution compared to 
the MTLn3 set. These two sets are considered a reasonable representation of the 
scope of the images which are typical input for the WMC algorithm. 

3.4 Performance Test with Microscope Images 

For the two sets the results are presented in two tables and examples of the segmenta-
tion are given in two figures. In Table 2 and 3, the results of the experiment for this 
set are presented. The sensitivity and specificity are used as the performance indica-
tors. From the result we can conclude that WMC has the best overall performance. It 
produces stable and robust results for the HT29 set (cf. Table 2). Compared to WMC, 
the standard FCM algorithm is similar in sensitivity but lower in specificity; the Otsu 
segmentation is higher in specificity but significantly lower in sensitivity; the Hyste-
resis segmentation has a similar performance as the WMC. At this point, it is  
important to realize that the quality of the HT29 set (cf. Fig. 6) is not, in all case, rep-
resentative for the real high-throughput screens, especially if we consider the dynamic 
behavior common to live-cell imaging (cf. Fig. 7). 
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to the other test set. However, also in this test the WMC still shows the highest per-
formance. Compared to the WMC algorithm, the FCM algorithm is higher in specific-
ity but significantly lower in the sensitivity. Hysteresis still portrays a good and stable 
performance. Compared to the previous experiment (cf. Table 2), the WMC algorithm 
performs quite stable under the different circumstances. In conclusion, from Table 2 
and 3 it can be established that the WMC algorithm outperforms the other algorithms, 
which confirms its applicability for this area of bio-imaging research. 

4 Conclusions and Discussion 

We have proposed a segmentation algorithm for high throughput imaging that  
performs better than algorithms that have been used for this purpose so far. The algo-
rithm consists of three steps, a watershed region selection followed by a fuzzy  
C-means clustering and if necessary followed by a correction for oversegmentation. 
The algorithm is particularly suitable for imaging in the domain of functional cytom-
ics and high-throughput screenings. We have compared the WMC algorithm with five 
others and the results of the evaluation convincingly demonstrate the performance 
WMC algorithm. Over all tests, the WMC algorithm has the best recall (F1-score) 
without excessive increase in computation time. In the domain of cytomics, analysis 
is performed post hoc; and thus computation time is not a critical component of the 
analysis but segmentation robustness is. In practice, WMC is now used and we are 
obtaining high precision results that are understood in biological context [19, 20, 31]. 

The major advantage of the WMC algorithm is that it can deal with variations in 
staining intensity typical for bio-imaging and specific to high-throughput in vitro 
experiments. The local intensity variations in the image limit application of Otsu 
segmentation; it requires a global optimum for the threshold, which may not be possi-
ble. Along the same line, the level-set method is not suitable as it presumes a consis-
tent intensity for the objects in the image. The regional approach in WMC followed 
by a local clustering transforms the segmentation to a local problem so that threshold 
levels can be found efficiently. For segmentation in cytomics edge based methods are 
noise susceptible, therefore intensity variations necessitate region based approaches. 
This is confirmed from our findings comparing Hysteresis segmentation to WMC, 
especially with more artificial noise (cf. Table 1) or staining variations in the image 
(cf. Table 3).  

The WMC consists of three independent steps and if we consider these individually 
further improvements can be formulated. In step 1, the watershed algorithm, the initia-
lization of the watershed algorithm is currently based on local maxima; other schemas 
must be investigated to render a better initialization. Now, a priori knowledge is not 
used whereas this might facilitate a better estimate for the initialization. In step 2, fuzzy 
weighted C-means clustering is used, however, other clustering approaches can be 
probed; similarly to step 1, a priori knowledge on the intensity distribution might be 
supportive in finding a better clustering approach. Regarding step 3, we implemented 
only a few of situations of oversegmentation (cf. §.2.3). This particular step of the 
algorithm can be adapted to experimental conditions, i.e. a priori knowledge can be 
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tuned with respect to the experiment so as to overcome certain imperfections of earlier 
steps. In future research this will be elaborated, however, the global idea of the WMC 
algorithm will stand its case (cf. Table 2 & 3). 

The WMC has been successfully applied to other experiments in the domain of 
bio-imaging, e.g. detection of small vessels [18] and chromosomes. With further ge-
neralization, the algorithm can be engaged in a broader scale of imagery. The future 
research on the tuning of the subsequent steps of the WMC algorithm will contribute 
to this generalization.  
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