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Heterogeneous cell images are currently posing great challenges
in medical image segmentation. This is due to the fact that cells
that constitute these images lack homogeneity. As a result,
popular segmentation methods such as active contour, watershed,
thresholding and graph cut do not perform well. In order to
address this challenge, a partitioned segmentation of cell images
is proposed using graph cut. First, cell images were broken into
fairly homogeneous units and then graph cut segmentation was
thereafter carried out on each individual partitioned unit. The
segmentation results from these units were then merged.
Experimental results show improved performance over
traditional graph cut and state of the art models.
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1. INTRODUCTION
Cell segmentation provides an opportunity to delineate objects of interest from the background towards
effective analysis and diagnosis of specific medical conditions. There exists a variety of methods for cell
segmentation: These include thresholding, active contour, watershed and graph cut (Chen and Pan, 2018).
Among these methods, the graph cut is the most popular because it segments images in a global and optimum
manner (Chen and Pan, 2018). Moreover, all other segmentation methods give satisfactory results on
homogeneous cell images. However, cell images do not always appear homogeneous; their appearance is
often a function of their acquisition processes. When cell images are captured in poorly lit conditions in
order to preserve their natural characteristics, there is the likelihood to acquire non-uniform illuminated cell
images. This acquisition process may result in cells images with high signal-to-noise ratio giving rise to
heterogeneous cell images (Salah et al, 2011).
Many authors have leveraged graph cut for cell segmentation with good results. For example, cervical cell
segmentation (Zhang et al., 2014) and live cell segmentation (Lesko et al., 2010) were case studies. However,
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the graph cut segmentation faces challenges when confronted with heterogeneous cells. This is because when
the graph cut segmentation is initiated with inconsistent foreground and background sample pixels, an
unsatisfactory result is obtained. In the light of this, research has been carried out to improve the
segmentation output of graph cut on dense or heterogeneous cells. As an illustration, a two-stage graph cut
segmentation was proposed by Danek et al. (2009). A graph cut segmentation, incorporating Local Binary
Pattern (LBP) for the extraction of cell features was put forward in Song et al. (2013). In Chen et al. (2013)
and Alilou et al. (2013), a template approach was proposed where a predefined object template was provided
that guided segmentation. In Lin et al. (2003) and Coelho et al. (2009), a merging algorithm was introduced
were portions of the object of interest were segmented and were thereafter merged. Also, methods such as
thresholding, active contour and watershed have been experimented with for the segmentation of
heterogeneous cell images (Coelho et al., 2009).
Heterogeneous cell images are often acquired as a result of non-uniform illumination and the non-uniform
staining during cell acquisition process. This kind of images encapsulates a combination of bright cells, not
too bright cells and cells fading to the background (Figure 1(a)). The challenge faced in automating
heterogeneous cell segmentation is that it is often difficult to identify and segment actual cells from their
background as they may have similar grey scale intensity level (Nielsen et al., 2012; Chen et al., 2013; Song
et al., 2013). One of the characteristics of heterogeneous cell images as noticed in Figure 1 is that cells of
same intensity values can be fairly partitioned into units of cells. An example is seen in Figures 1(a) and
1(b). If fairly homogeneous partitioned units can be derived from heterogeneous cell images, then
segmentation can be carried out on each partitioned unit, independent of other units.
The idea of partitioned segmentation has also been influenced in the segmentation of objects (Lin et al.,
2003; Roy and Biswas, 2015). Inspired by these methods, this study proposes partitioned cell segmentation
on heterogeneous cell images. Partitioned graph cut segmentation approach is useful since the global
segmentation approach of the traditional graph cut over an entire image (heterogeneous image) may be
unsatisfactory (Figure 2). The ability to group heterogeneous cell images into fairly homogeneous units and
carry out graph cut segmentation on each unit is the key contribution of this work. First cell segmentation is
initiated by giving users the platform to select sample foreground and background pixels over a given image;
then, the cell image is partitioned into fairly homogeneous units. Thereafter, the graph cut segmentation is
carried out on each unit. The final segmentation is obtained by merging the results from each partitioned
unit.

a

b

Figure 1: (a) Original cell images (b) Partitioned cell images
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Figure 2: (a) Original cell image (b) Ground truth (c) Graph cut
segmentation output (b) Proposed model segmentation output

2. METHODOLOGY
2.1. Graph Cut Concept
A graph (G = (V, E)) can be represented as a collection of pixels (a,b,d,e,f,g, O,B) as seen in Figure 3.

Figure 3: Image represented as a graph
Pixels (nodes) a,b,d,e,f,g,O and B are found in the set V while edges of nodes (for example b-O, b-d and bB) are found in the set E. Weight assignment to terminal node edges (for example b-O and b-B) is given
using Equations (2) and (3) while weight assignment to neighboring node edges (for example d-g and b-d)
is given using Equation (4). In Equation (2), bg is the brightness value of background pixels, while fg in
Equation (3) is also the brightness value of foreground pixels. fg and bg which are manually selected
interactively by the user are the foreground and background sample pixels respectively (Boykov and Jolly,
2001). In Equation (4), Ib and Ia are brightness values for pixels a and b. The Euclidean distance of a and b
is given as ed(a,b) (Boykov and Jolly, 2001). λ ensures segmentation output is not over-segmented or undersegmented. The Algorithm in Boykov and Kolmogorov (2004) was used to segment a weighted graph G into
foreground and background nodes/pixels.
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2.2. Partitioned Graph Cut Segmentation
The proposed partitioned graph cut segmentation splits cell image into fairly homogeneous units, while
carrying graph cut segmentation on each unit. Algorithm 1 gives a summary of the proposed model while
Figure 4 graphically shows the proposed model.

Original Image

User selects sample foreground (fg) and background (bg)
pixels

Partitioned image
Carry out graph cut segmentation on each partitioned unit
using Algorithm 1

Merge segmented results from each partitioned unit

Figure 4: Summary of proposed model from top to bottom
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Algorithm 1: Partitioned Graph Cut Segmentation on Heterogeneous Cell Images
1: Require: I - Greyscale Image
2: Ensure: Isi-Segmented image
3:
User selects foreground sample pixels fg from I
4:
User selects background sample pixels bg from I
5:
Partition cell image into units and save each unit in P
6: for each unit u in P
7:
Construct graph G from u
8:
Use equations (2) and (3) to give weights to nodes in G in relation to their terminal nodes O and B.
9:
Use equation (4) to give weight to neighbouring pixels/nodes in G
10:
Using Algorithm in (Boykov and Kolmogorov, 2004), store graph cut segmentation of G in M
11: end
12: Merge all the segmented results from each unit in M to Isi

2.3. Dataset
Experiments were carried out on publicly available dataset NIH3T3 (Coelho et al., 2009). This dataset was
adopted for evaluation based on its record in having heterogeneous cell images with high signal to noise
ratio, which is suitable for this study.

2.4. Parameter Selection
In Algorithm 1, cell images are partitioned into four parts. Four is selected as it fairly partitions images into
fairly homogeneous cells. However, for more complex heterogeneous images, more partitions are
recommended.

3. RESULTS AND DISCUSSION
The proposed model was benchmarked using two metrics. These metrics are the Rand Index (RI) and Fscore. Equations (5) and (8) define these metrics.
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True Positive (TP) identifies the total number of pixels that are foreground in the segmented image (S) and
also seen as foreground pixels in the ground truth (GT). True Negative (TN) identifies the total number of
pixels that are background in S and are also background pixels in GT. False Positive (FP) identifies the total
number of pixels that are foreground in S but referenced as background in GT. False Negative (FN) identifies
the total number of pixels that are background in S but referenced as foreground in GT. For metrics RI and
F-score, high values give better segmentation output. Based on these metrics, the proposed model performed
better than other existing models as observed in Table 1. In Table 1, the thresholding algorithm may have
suffered from over-segmentation as it does not perform well on heterogeneous cell images.

37
U. Iruansi and K.O. Oyebode / Nigerian Research Journal of Engineering and Environmental Sciences
3(1) 2018 pp. 32-38
Table 1: Comparison of the proposed approach with existing models
Models
Thresholding
Watershed (Direct)
(Song et al., 2013)
Merging algorithm
Interactive Graph Cut
Geodesic active contour
Proposed model

RI (%)
74
78
87
83
87.28
88.4
90.46

F-score
73.0
67.79
77.55

Reference
Coelho et al., (2009)
Coelho et al., (2009)
Song et al., (2013)
Coelho et al., (2009)
-

Table 2: Time Comparison of the proposed model with existing models
Models
Interactive Graph Cut
Geodesic active contour
Proposed model

Times (seconds)
35
65
90.46

This argument also holds for the geodesic active contour. In addition, the merging algorithm (Coelho et al.,
2009) and the graph cut with LBP (Song et al., 2013) give good segmentation result; but, these methods do
not provide the advantage of an interactive segmentation where users can manually select sample pixels as
observed in Algorithm 1. As a result, there is a reduction in their performances as compared to the proposed
model. Figure 5 also shows improved segmentation output over the traditional graph cut.

Figure 5: (a) Ground truth (b) Graph cut segmentation (c) Proposed model

The strength of the proposed model lies in its ability to provide an interactive segmentation platform for
users (as observed in Figure 4) while carrying out graph cut segmentation on partitioned units. In terms of
running time, the traditional graph cut segmentation has the least followed by proposed model; the geodesic
active contour has the highest running time.
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One shortfall of the proposed model is that it has high running time; this is due to the fact that graph cut
segmentation is carried out sequentially amongst the partitioned units. In order to save time, the graph cut
segmentation can be carried out in parallel in all partitioned units.

4. CONCLUSION
This research proposed a partitioned graph cut segmentation using an interactive approach with promising
results. Improvements were observed over the traditional interactive graph cut segmentation model.

5. CONFLICT OF INTEREST
There is no conflict of interest associated with this work.

REFERENCES
Alilou, M., Kovalev, V. and Taimouri, V. (2013). Segmentation of cell nuclei in heterogeneous microscopy images: A
reshapable templates approach, Computerized Medical Images and Graphics, 37(7-8), pp. 488–499.
Boykov, Y. and Jolly, M. (2001). Interactive Graph Cuts for Optimal Boundary & Region Segmentation of Objects in
N-D Images. Proceedings of Eighth IEEE International Conference on Computer Vision (ICCV).
Boykov, Y. and Kolmogorov, V (2004). An Experimental Comparison of Min-Cut/Max-Flow Algorithms for Energy
Minimization in Vision. IEEE Transactions on Pattern Analysis and Machine Intelligence, 26(9), pp. 1124-1137.
Chen, C., Wang, W., Ozolek, J.A. and Rohde, G.K (2013). A flexible and robust approach for segmenting cell nuclei
from 2D microscopy images using supervised learning and template matching. Cytometry A., 83(5), pp. 495–507.
Chen. X, and Pan L, (2018) "A Survey of Graph Cuts/Graph Search based Medical Image Segmentation, IEEE
Reviews in Biomedical Engineering, pp.1-1
Coelho, L.P., Shariff, A. and Murphy, R.F. (2009). Nuclear segmentation in microscope cell images: a handsegmented dataset and comparison of algorithms. In IEEE International Symposium on Biomedical Imaging (ISBI),
pp. 518-521. 28 June-1 July 2009
Danek, O., Matula, P., Ortiz-de-Solorzano, C., Munoz-Barrutia, A., Maska, M. and Kozubek, M. (2009).
Segmentation of Touching Cell Nuclei Using Two Stage Graph Cut Model, Springer-Verlag, pp. 411 -419.
Lesko, M., Kato, Z., Nagy, A., Gombos, I., Torok, Z., Vıgh Jr, L. and Vıgh, L. (2010). Live Cell Segmentation in
Fluorescence Microscopy via Graph Cut. In: International Conference on Pattern Recognition. 23-26 August, 2010.
Lin, X., Adiga, U., Olson, K., Guzowski, J.F., Barnes, C.A. and Roysam, B. (2003). A hybrid 3d watershed algorithm
incorporating gradient cues and object models for automatic segmentation of nuclei in confocal image stacks.
Cytometry Part A, 56(1), pp. 23--36.
Nielsen, B., Albregtsen, F and Danielsen, H. (2012). Automatic segmentation of cell nuclei in feulgen-stained
histological sections of prostate cancer and quantitative evaluation of segmentation results. Cytometry, 81(7), p. 588–
601.
Roy, P. and Biswas, P. K. (2015). A parallel LEGION algorithm and cell-based architecture for real time split and
merge video segmentation. Journal of Real-Time Image Processing, pp. 1-25.
Salah, B, Mitiche, A and Ayed, I (2011) Multiregion image segmentation by parametric kernel graph cuts," IEEE
Transactions on Image Processing, 20(2), pp. 545-557
Song, Y, Cai W, Feng, D. and M. Chen, (2013) Cell nuclei segmentation in Florescence microscopy images using
inter- and intraregional discriminative information, IEEE International Conference on Engineering in Medicine and
Biology Society (EMBS), pp. 6087-6090.
Zhang, L., Kong, H., Chin, C.T., Wang, T and Chen, S (2014). Cytoplasm segmentation on cervical cell images using
graph cut-based approach. Biomedical Material and Engineering, 24(1), pp. 1125-1131.

