Rouleaux Red Blood Cells Splitting in Microscopic Thin Blood Smear Images
via Local Maxima, Circles Drawing and Mapping with Original RBCs.
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Abstract: Splitting the rouleaux RBCs from single RBCs and its further subdivision is a challenging
area in computer-assisted diagnosis of blood. This phenomenon is applied in complete blood count,
Anemia, Leukemia and Malaria tests. Several automated techniques are reported in the state of art for
this task but face either under or over splitting problems. The current research presents a novel
approach to split Rouleaux Red Blood Cells (chains of RBCs) precisely, which are frequently
observed in the thin blood smear images. Accordingly, this research address the rouleaux splitting
problem in a realistic, efficient and automated way by considering the distance transform and local
maxima of the rouleaux RBCs. Rouleaux RBCs are splitted by taking their local maxima as the
centres to draw circles by mid-point circle algorithm. The resulting circles are further mapped with
single RBC in Rouleaux to preserve its original shape. The results of the proposed approach on
standard data set are presented and analyzed statistically by achieving an average recall of 0.059, an
average precision of 0.067 and F-measure 0.063 are achieved through ground truth with visual
inspection.
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1. Introduction

The manual microscopy is gold standard but the process is highly subjective and laborious. Therefore,
automated microscopy has got much attention of the researchers currently. In automated microscopy of
blood, the main challenge is to split Rouleaux RBCs preciously. The Rouleaux of RBCs is subdivided
into two types; clumps of RBCs and overlaps of RBCs. The word clump means “to glue”. RBCs glued
with each other and formed long chains called Rouleaux. The formation of clumps or rouleaux of
RBCs occurs due to iron deficiency in the blood(Kumar et al., 2018; Saba et al., 2013). The degree of
severance of various diseases is highly dependent on the number of RBCs such as in Malaria the
Parasitemia is the ratio of infected RBCs to all RBCs observed on the slide (Mushin et al., 2013). In
automated diagnosing, the accuracy is highly dependent on the counting of RBCs (Rupesh et al., 2016;
Al-Amin et al., 2015). On the other hand, overlapped RBCs numbers are not more than four RBCs
combination and formation is just due to improper slide preparation. Accordingly, the cleavage in a
proper, easy and efficient way is the need of the day (Kim et al., 2017; Waheed et al., 2016; Mughal et
al., 2017a,b).

Further paper is organized into three main section, section 2 presents in depth background of the
research in hand, section 3 presents proposed methodology, section 4 exhibits results and analysis,
finally section 4 concludes the research.



2. Research background

Recently, researchers have come out with significant algorithms for splitting rouleaux of RBCs,
however still further enhancements are needed to tackle the stated problems precisely. Kumar et al.,
(2018) work show the basic morphological operators for the rouleaux RBCs splitting while the simple
morphological operators involve morphology dependent operators like a disc, opening and closing etc.,
the accuracy of RBCs segmentation will be abruptly disturbed during dense rouleaux of RBCs. Kim et
al., (2017) splitting process is purely morphologically dependent because they consider the roundness
feature of RBCs, is easily disturbed due to a slight pressure on the slide as well as through other
diseases. Further, the study carried out by (Jyoti et al., 2017; Jamal et al., 2017; Iftikhar et al., 2017,
Nodehi et al., 2014) used PCA (Principal Component Analysis) for feature reduction and SVM for
classification; however, they ignored the splitting process that affected the accuracy in counting
process while in the same way through pattern recognition did the segmentation of White Blood Cells
(Subrajeet et al., 2016; Norouzi et al., 2014; Younus et al., 2015; Rad et al., 2013, 2016).

Berge et al., (2011) mentioned that in image processing counting RBCs is not a main concern, however
the other issues which highly affect the accuracy are rouleaux RBCs splitting; therefore finding and
splitting is performed through concavity points. Although, boundaries tracing and labelling are used to
count the RBCs but the study didn’t reveal how the single and rouleaux RBCs are splitted. While,
(Buttarello and Plebani, 2008), carried out the counting but the separation of rouleaux RBCs splitting
was not considered. In few reported studies, the clumps and overlaps of RBCs is not taken into account
for splitting while counting the RBCs, however, a few researchers employed area based techniques
(Owais Shaikh, 2013-2014) and (Nguyen, Duong, and Vu, 2011).

(Mahmood, Lim, Mazalan, and Razak, 2013), (Grietinfo.in, 2013), (Mahmood and Mansor, 2012) and
(Ramesh, Salama, and Tasdizen, 2012) applied the Circular Hough Transform-based techniques to
count and split RBCs, where RBCs was considered as circles that is not a proper way due to the fact
that RBCs morphology is not static in nature and could be altered by other disease (Rahim et al.,
2017a,b).

The earlier studies used the following categories of approaches to address the issue of rouleaux RBCs
splitting. Few researchers applied morphological operations to split rouleauxs of RBCs (Buggenthin et
al., 2013),(Prasad, Winter, Bhat, Acharya, and Prabhu, 2012),(Amit Kumar, 2012). However, these
approaches fail, when deal with long chains. To handle these issues, concavity regions are detected to
split the rouleauxed RBCs through lines cuts or circles drawing (LaTorre, Alonso-Nanclares, Muelas,
Pefia, and DeFelipe, 2013), (Tafavogh, Navarro, Catchpoole, and Kennedy, 2013), (Zhang, Sun, Su,
and Pham, 2012), (Kumarasamy, Ong, and Tan, 2011), (Gurcan et al., 2009) and (Mughal et al., 2017,
Saba 2017).

Although, the concavity based approaches produce good quality results but at the same time they are
costly in terms of computation process. Studies of (Tulsani, 2013), (Ferro et al., 2013), (Hodneland,
Kdogel, Frei, Gerdes, and Lundervold, 2013), (Ferro, et al., 2013), (Schmitt and Reetz, 2009), (Schmitt
and Hasse, 2009) and (Springl, 2009) employed watershed techniques for the splitting task. Diverse
model-based approaches for the same task are presented in (Koppen, Yoshida, and Valle, 2007), (Jiang,
Ngo, and Tan, 2006) and (Abbas et al., 2016; Fern et al., 2017).

3. Proposed Methodology

In the current research, an improved technique for rouleaux (clumped and overlapped) RBCs splitting
is proposed inspired from the watershed transform. In the proposed methodology, RGB image is taken
as input, followed by segmentation of single and rouleaux RBCs to increase the efficiency. The
rouleaux RBCs is further considered for splitting by applying distance transform, local maxima, circle
drawings and mapping. The proposed methodology composed of three main stages: pre-processing,
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Splitting of Single Rouleaux RBCs and Splitting Rouleaux RBCs. Proposed research framework is
presented in Figure 1.

3.1 Pre-processing

The image pre-processing is normally desired in all image analysis applications (Rehman and Saba,
2014; Saba et al., 2014a). Accordingly, the input RGB image is converted into binary image through
benchmark thresholding methodology to minimize the computational cost. The small areas are
detached from the binary image by labeling as noise (Saba et al., 2014b; Rehman et al., 2009). White
holes in RBCs center emerged due to presence of haemoglobin. These holes are filled in the pre-
processing stage to smooth line further processing.

To identify the RBCs existence, convex hulls of all RBCs are reevaluated. Moreover, equation (i) and
(i) are employed to compute areas and elongation of RBCs convex hulls respectively. Finally, a
normalize variance among all the RBCs is drawn empirically.

S @ | (Vi 2 0) and B @ =1 (i)

Such that |X| = finite set of points, x; belongs to |X| while a;is weight set for x;, total weights = 1
(normalized mean).

Area = pixels total number (i)

pixels total number = pixels composed of convex hull of RBCs.

Elongation = é (iii)
Such that X = x- axis; Y = y- axis

N2
02 — (XNH) (|V)

where, X stands for area and N is the number of terms in distribution.

Figure 1 Proposed research framework

3.2 Splitting of Single and Rouleaux RBCs

RBCs are splitted in to single and rouleaux based on average of the measure of central tendency.

To identify single RBCs, area of every convex hull of RBCs is divided by median area. While negation
of single RBC resulted in multi-RBCs mask; each RBC mask is forwarded to pixel IDX list of an input
image to compute image of single RBCs and rouleaux RBCs. The results are presented in Figure (ii).

Figure 2. MATLAB Results a) Original RGB image b) Binary form of original image c) Single RBCs
d) Rouleaux of RBCs

3.3 Splitting Rouleaux RBCs

In splitting the rouleauxed RBCs, initially, distance transform is computed to locate local maxima.
Consequently, circles are drawn such that each circle is mapped with rouleaux via slight erosion.
Finally, single RBC is segmented from rouleaux. This process is repeated as per number of central
maxima to compute splitted single RBC image as exhibited in Figure (iii).

Figure 3. MATLAB Results a) Input binary image of rouleaux RBCs b) Distance Transform c) Local
Maxima d) Centeriod Local Maxima e) Circles mapping f) The cleaved RBCs



4. Experimental results and analysis

In this section, results are presented, analyzed quantitatively through correlation of ground truth and
confusion matrix. Moreover, visual inspection on fifty images obtained from is conducted (DPDX,

2002). Figure 4 presents correlation of ground truth and confusion matrix

Figure 4: Co-relation “Manual (Experts) Vs Proposed Technique” Count

4.1 Quantitative analysis

In this section, automatic counted RBCs results are compared with manually counted RBCs results.
The RBCs are manually counted by experts. Through confusion matrix True Positive Rate (TPR),
Accuracy (AC), Error Rate (ER) and True Negative Rate (TNR) as exhibited in equations (v), (vi),

(vii) and (viii) respectively.
A

TPR = B (v)
AC = __A+D (vi)
A+B+C+D
ER=1-AC (vii)
TNR = D (viii)
C+D
Table 1 Quantitative Analysis
Slide No Manual Automatic TPR AC ER TNR
Exact RBCs
single Count after
RBCs and Rouleaux
RBCs in Splitting
Rouleaux
Count
1 31 31 1 1 0 0
2 32 32 1 1 0 0
3 12 11 0.916667 0.956522 0.043478 0.083333
4 10 10 1 1 0 0
5 20 20 1 1 0 0
6 80 76 0.9375 0.967742 0.032258 0.0625
7 40 39 0.916667 0.956522 0.043478 0.083333
8 30 30 1 1 0 0
9 32 32 1 1 0 0
10 33 30 0.947368 0.972973 0.027027 0.052632
11 39 38 0.916667 0.956522 0.043478 0.083333
12 41 41 1 1 0 0
13 32 32 1 1 0 0




45 56 56 1 1 0 0
46 78 75 0.961538 0.980392 0.019608 0.038462
49 64 60 0.9375 0.967742 0.032258 0.0625
50 57 54 0.947368 0.972973 0.027027 0.052632

4.2 Visual Inspection

The results are evaluated with ground reality through visual inspection. Few results exhibited in
Figure 5 attained through proposed RBCs splitting approach.

Figure 5. MATLAB Results; Images a), d) and g) present original input binarized images, while
images b), e) and h) present rouleaux RBCs, The last column images c),f) and i) are single RBCs
image cleaved with proposed methodology.

5. Conclusion

This paper has presented a novel approach to split Rouleaux Red Blood Cells precisely, which are
frequently observed in the thin blood smear images. The proposed methodology composed of three
main stages: pre-processing, Splitting of Single and Rouleaux RBCs and Splitting Rouleaux RBCs.
Following preprocessing of Rouleaux Red Blood Cells images, distance transform, local maxima,
circle drawings and mapping techniques are applied to achieve splitted Rouleaux Red Blood Cells.
According to the results presented in Table 1, the overall average percentage True Positive Rate
(TPR) achieved by the proposed technique is 96% and the True Negative Rate (TNR) is 4% while in
the same way the accuracy (AC) achieved is 98% and an Error Rate (Error Rate) is 2%. Nonetheless,
proposed technique achieved promising results in comparison to current state of the art; current
research area has still quest to improve accuracy further.
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Highlights

Rouleaux RBCs are splitted by taking their local maxima as the centres to draw circles employing
mid-point circle algorithm. The resulting circles are further mapped with single RBC into Rouleaux at
high accuracy, while preserving original shape.

References

Abbas, N. Saba, T. Mohamad, D. Rehman, A. Almazyad, A.S. Al-Ghamdi, J.S. (2016) Machine aided
malaria parasitemia detection in Giemsa-stained thin blood smears, Neural Computing and
Applications, pp. 1-16, doi:10.1007/s00521-016-2474-6

Al-Ameen, Z. Sulong, G. Rehman, A., Al-Dhelaan, A., Saba, T. Al-Rodhaan, M. (2015) An innovative
technique for contrast enhancement of computed tomography images using normalized gamma-
corrected contrast-limited adaptive histogram equalization, EURASIP Journal on Advances in Signal
Processing, vol. 32, doi:10.1186/s13634-015-0214-1.

Amit Kumar, P. A. C., Prof. P. U. Tembhare, Prof. C. R. Pote. (2012). Enhanced Identification of Malarial
Infected Objects using Otsu Algorithm from Thin Smear Digital Images. International Journal of
Latest Research in Science and Technology, Vol.1(2), Page No159-163




Berge, H., Taylor, D., Krishnan, S., and Douglas, T. S. (2011). Improved RBC counting in thin blood
smears. IEEE International Symposium on Biomedical Imaging: From Nano to Macro, 2011

Buggenthin, F., Marr, C., Schwarzfischer, M., Hoppe, P. S., Hilsenbeck, O., Schroeder, T., et al. (2013).
An automatic method for robust and fast cell detection in bright field images from high-throughput
microscopy. BMC bioinformatics, vol. 14(1), 297.

Buttarello, M., and Plebani, M. (2008). Automated blood cell counts state of the art. American Journal of
Clinical Pathology, 130(1), 104-116.

Dixit K., Nisha W., (2016) Detection and counting of blood cells using image segmentation: A review,
IEEE World Conference on Futuristic Trends in Research and Innovation for Social Welfare (Startup
Conclave), Coimbatore, India.

DPDx. (2002). DPDx, Laboratory Identification of Parasites,Centers of diseases Control and Prevention. In
D.a.m.b.C.s.D.o.P.D.a M. (DPDM) (Ed.). 1600 Clifton Rd. Atlanta, GA 30333, USA Web site
developed and maintained by CDC's Division of Parasitic Diseases and Malaria (DPDM).

Fern, B.M., Rahim, M.S.M., Saba, T., Almazyad, A.S., Rehman, A. (2017) Stratified classification of
plant species based on venation state. Biomedical Research, vol. 28(13), pp.5660-5663.

Ferro, L., Leal, P., Marques, M., Maciel, J., Oliveira, M. I., Barbosa, M. A, et al. (2013). Multinuclear Cell
Analysis Using Laplacian of Gaussian and Delaunay Graphs Pattern Recognition and Image Analysis
(pp. 441-449)

Gongalves, W. N., and Bruno, O. M. (2012). Automatic system for counting cells with elliptical shape.
arXiv preprint arXiv:1201.3109.

Grietinfo.in. ~ (2013).  grietinfo.in. Retrieved  20-03-2013, 2013, from grietinfo.in/
projectssMAIN/BME2013/cd-8-project%20report_1 .pdf

Gurcan, M. N., Boucheron, L. E., Can, A., Madabhushi, A., Rajpoot, N. M., and Yener, B. (2009).
Histopathological image analysis: A review. Biomedical Engineering, IEEE Reviews in, 2, 147-171.

Hodneland, E., Kogel, T., Frei, D. M., Gerdes, H.H., and Lundervold, A. (2013). CellSegm-a MATLAB
toolbox for high-throughput 3D cell segmentation. Source code for biology and medicine, 8(1), 1-24.

Jamal A, Hazim Alkawaz M, Rehman A, Saba T. (2017) Retinal imaging analysis based on vessel
detection. Microsc Res Tech. 2017;00:1-13. https://doi.org/10.1002/jemt.

Jiang, H., Ngo, C.W., and Tan, H.K. (2006). Gestalt-based feature similarity measure in trademark
database. Pattern recognition, 39(5), 988-1001.

Jyoti R., Annapurna S., Bhadauria H., Jitendra V. Devgun S. (2017) Classification of acute lymphoblastic
leukaemia using hybrid hierarchical classifiers. Multimedia Tools and Applications 76:18, pages
19057-19085.

Iftikhar, S. Fatima, K. Rehman, A. Almazyad, A.S., Saba, T. (2017) An evolution based hybrid approach
for heart diseases classification and associated risk factors identification, Biomedical Research 28 (8),
pp. 3451-3455

Kim, C.H., Kwac, L.K. and Kim,H.G.(2017) The Development of Evaluation Algorithm for Blood
Infection Degree, Wireless Pers Commun https://doi.org/10.1007/s11277-017-4136-0

Kong, H., Gurcan, M., and Belkacem-Boussaid, K. (2011a). Partitioning histopathological images: an
integrated framework for supervised color-texture segmentation and cell splitting. Medical Imaging,
IEEE Transactions on, 30(9), 1661-1677.

Kong, H., Gurcan, M., and Belkacem-Boussaid, K. (2011b). Splitting touching-cell rouleauxs on
histopathological images. Paper presented at the Biomedical Imaging: From Nano to Macro, 2011
IEEE International Symposium on.

Kdppen, M., Yoshida, K., and Valle, P. A. (2007). Gestalt theory in image processing: A discussion paper.
Paper presented at the Proceedings.

Kumarasamy, S. K., Ong, S., and Tan, K. S. (2011). Robust contour reconstruction of RBCs and parasites
in the automated identification of the stages of malarial infection. Machine Vision and Applications,
22(3), 461-469.


http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Dixit%20Kolhatkar.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Nisha%20Wankhade.QT.&newsearch=true

Kumar S., Mishra S., Asthana P., Pragya (2018) Automated Detection of Acute Leukemia Using K-mean
Clustering Algorithm. In: Bhatia S., Mishra K., Tiwari S., Singh V. (eds) Advances in Computer and
Computational Sciences. Advances in Intelligent Systems and Computing, vol 554. Springer,
Singapore.

LaTorre, A., Alonso-Nanclares, L., Muelas, S., Pefia, J., and DeFelipe, J. (2013). Segmentation of neuronal
nuclei based on clump splitting and a two-step binarization of images. Expert Systems with
Applications, 40(16), 6521-6530.

Mughal, B. Muhammad, N. Sharif, M. Saba, T. Rehman, A. (2017) Extraction of breast border and
removal of pectoral muscle in wavelet domain, Biomedical Research, vol.28(11), pp. 5041-5043.

B. Mughal, M. Sharif, and N. Muhammad, "Bi-model processing for early detection of breast tumor in
CAD system,” The European Physical Journal Plus, vol. 132, p. 266, June 15 2017a.

B. Mughal, M. Sharif, N. Muhammad, and T. Saba, "A novel classification scheme to decline the mortality
rate among women due to breast tumor," Microscopy Research and Technique, 2017b,
DOI: 10.1002/jemt.22961.

Muhsin; Z.F. Rehman, A.; Altameem, A.; Saba, A.; Uddin, M. (2014). Improved quadtree image

segmentation approach to region information, the imaging science journal, vol. 62(1), pp. 56-62, doi.
http://dx.doi.org/10.1179/1743131X13Y.0000000063.

Mahmood, N. H., Lim, P. C., Mazalan, S. M., and Razak, M. A. A. (2013). Blood cells extraction using
color based segmentation technique, International Journal of Life Scieces Biotechnology and Pharma
Research, vol. 2(2), pp. 233-240.

Mahmood, N. H., and Mansor, M. A. (2012). RBCs estimation using Hough transform technique. Signal
and Image Processing: An International Journal (SIP1J), vol.3(2), 53-64.

Norouzi, A. Rahim, MSM, Altameem, A. Saba, T. Rada, A.E. Rehman, A. and Uddin, M. (2014) Medical
image segmentation methods, algorithms, and applications IETE Technical Review, vol.31(3), pp.
199-213, doi. 10.1080/02564602.2014.906861.

Nguyen, N.-T., Duong, A.-D., and Vu, H.-Q. (2011). Cell splitting with high degree of overlapping in
peripheral blood smear. Int J Comp Theory Eng, vol. 3(3).

Nodehi, A. Sulong, G. Al-Rodhaan, M. Al-Dhelaan, A., Rehman, A. Saba, T. (2014) Intelligent fuzzy
approach for fast fractal image compression, EURASIP Journal on Advances in Signal Processing,
doi. 10.1186/1687-6180-2014-112.

Owais Shaikh, M. G., Neharika Bhat, Roshan Shetty (2013-2014). Automated RBCS Count. Unpublished
Synopsis Report, University of Mumbai, Bandra(w), Mumbai - 400050.

Prasad, K., Winter, J., Bhat, U. M., Acharya, R. V., Prabhu, G. K. (2012). Image analysis approach for
development of a decision support system for detection of malaria parasites in thin blood smear
images. Journal of digital imaging, 25(4), 542-549.

Rad, A.E. Rahim,M.S.M, Rehman, A. Altameem, A. Saba, T. (2013) Evaluation of current dental
radiographs segmentation approaches in computer-aided applications IETE Technical Review, vol.
30(3), pp. 210-222

Rad, A.E., Rahim, M.S.M, Rehman, A. Saba, T. (2016) Digital dental X-ray database for caries screening,
3D Research, vol. 7(2), pp. 1-5, doi. 10.1007/s13319-016-0096-5

Rahim, M.S.M, Norouzi, A. Rehman, A. and Saba, T. (2017a) 3D bones segmentation based on CT images
visualization, Biomedical Research, vol.28(8), pp.3641-3644

Rahim, M.S.M, Rehman, A. Kurniawan, F. Saba, T. (2017b) Ear biometrics for human classification based
on region features mining, Biomedical Research, vol.28 (10), pp.4660-4664

Ramesh, N., Salama, M. E., and Tasdizen, T. (2012). Segmentation of haematopoeitic cells in bone
marrow using circle detection and splitting techniques. 9th IEEE International Symposium on
Biomedical Imaging (ISBI).

Rehman, A. Mohammad, D. Sulong, G. Saba, T.(2009). Simple and effective techniques for core-region
detection and slant correction in offline script recognition Proceedings of IEEE International
Conference on Signal and Image Processing Applications (ICSIPA’09), pp. 15-20.



Rehman, A., Saba, T. (2014) Neural networks for document image preprocessing: state of the art, Artificial
Intelligence Review, vol. 4(2), pp. 253-273

Rupesh A.,JosephS.,Jay C., Ashutosh R., Sangho K., (2016) Red blood cells in retinal vascular disorder.
Blood Cells, Molecules, and Diseases, vol. 56(1), pp. 53-61.

Saba T, Al-Zahrani S, Rehman A. (2012) Expert system for offline clinical guidelines and treatment Life
Sci Journal, vol.9(4), pp. 2639-2658.

Saba, T. (2017). Halal food identification with neural assisted enhanced RFID antenna, Biomedical
Research 2017; vol. 28(18), pp. 7760-7762.

Saba, T. Rehman, A. Altameem, A. Uddin, M. (2014a) Annotated comparisons of proposed preprocessing
techniques for script recognition, Neural Computing and Applications, vol.25(6), pp. 1337-1347 , doi.
10.1007/s00521-014-1618-9

Saba,T., Rehman, A., Al-Dhelaan,A., Al-Rodhaan, M. (2014b) Evaluation of current documents image
denoising techniques: a comparative study, Applied Artificial Intelligence, vol.28(9),pp. 879-887.

Schmitt, O., Hasse, M. (2009). Morphological multiscale decomposition of connected regions with
emphasis on cell rouleauxs. Computer Vision and Image Understanding, vol. 113(2), pp. 188-201.

Schmitt, O., Reetz, S. (2009). On the decomposition of cell rouleauxs. Journal of Mathematical Imaging
and Vision, 33(1), 85-103.

Springl, V. (2009). Automatic Malaria Diagnosis through Microscopy Imaging. CZECH TECHNICAL
UNIVERSITY IN PRAGUE, PRAGUE.

Subrajeet M.,Dipti P.,Sanghamitra S.,Rabindra K., Sudha S., (2016) Automated morphometric
classification of acute lymphoblastic leukaemia in blood microscopic images using an ensemble of
classifiers. Computer Methods in Biomechanics and Biomedical Engineering: Imaging and
Visualization, vol. 4(1), pp. 1401-1420.

Tafavogh, S., Navarro, K. F., Catchpoole, D. R., and Kennedy, P. J. (2013). Segmenting Neuroblastoma
Tumor Images and Splitting Overlapping Cells Using Shortest Paths between Cell Contour Convex
Regions Atrtificial Intelligence in Medicine (pp. 171-175).

Tulsani, H. (2013). Segmentation using morphological watershed transformation for counting blood cells.
IJCAIT, 2(3), pp.28-36.

Waheed, S.R., Alkawaz, M.H., Rehman, A., Almazyad,A.S., Saba, T. (2016). Multifocus watermarking
approach based on discrete cosine transform, Microscopy Research and Technique, vol. 79 (5), pp.
431-437, doi. 10.1002/jemt.22646.

Younus, Z.S. Mohamad, D. Saba, T. Alkawaz,M.H. Rehman, A. Al-Rodhaan,M. Al-Dhelaan, A. (2015)
Content-based image retrieval using PSO and k-means clustering algorithm, Arabian Journal of
Geosciences, vol. 8(8) , pp. 6211-6224, doi. 10.1007/s12517-014-1584-7

Zhang, C., Sun, C., Su, R., and Pham, T. D. (2012). Segmentation of rouleauxed nuclei based on curvature
weighting. Proceedings of the 27th Conference on Image and Vision Computing.


http://www.sciencedirect.com/science/article/pii/S1079979615300036#!
http://www.sciencedirect.com/science/article/pii/S1079979615300036#!
http://www.sciencedirect.com/science/article/pii/S1079979615300036#!
http://www.sciencedirect.com/science/article/pii/S1079979615300036#!
http://www.sciencedirect.com/science/article/pii/S1079979615300036#!
http://www.sciencedirect.com/science/journal/10799796
http://www.tandfonline.com/author/Mohapatra%2C+Subrajeet
http://www.tandfonline.com/author/Patra%2C+Dipti
http://www.tandfonline.com/author/Satpathy%2C+Sanghamitra
http://www.tandfonline.com/author/Jena%2C+Rabindra+Kumar
http://www.tandfonline.com/author/Sethy%2C+Sudha
http://www.tandfonline.com/toc/tciv20/current
http://www.tandfonline.com/toc/tciv20/current

