BIBLIOGRAPHY

Abdar, M., Acharya, U.R., Sarrafzadegan, N. and Makarenkov, V. (2019) NE-nu-SVC: A
New Nested Ensemble Clinical Decision Support System for Effective Diagnosis
of Coronary Artery Disease, IEEE Access, Vol. 7, Pp. 167605-167620.

Abdoli, M., Sarikhani, H., Ghanbari, M. and Brault, P. (2015) Gaussian mixture model-
based contrast Enhancement, IET Image Process., Vol. 9, Issue 7, Pp. 569-577.

Abdulhay, E., Mohammed, M.A., lbrahim, D.A., Arunkumar, N. and Venkatraman, V.
(2018) Computer aided solution for automatic segmenting and measurements of
blood leucocytes using static microscope images, J. Med. Syst., Vol. 42, No. 4, P.
58.

Abuassba, A.O., Zhang, D., Luo, X., Shaheryar, A. and Ali, H. (2017) Improving
classification performance through an advanced ensemble based heterogeneous
extreme learning machines, Computational Intelligence and Neuroscience, Vol.
2017, Pp. 1-21.

Abhishek, A., Deb, S.D., Jha, R.K., Sinha, R. and Jha, K. (2023) Effective WBC
Segmentation Using Hybrid Loss, National Conference on Communications, Pp.
1-6.

Abunadi, I. and Senan, E.M. (2022) Multi-Method Diagnosis of Blood Microscopic
Sample for Early Detection of Acute Lymphoblastic Leukemia Based on Deep
Learning and Hybrid Techniques, Sensors, Vol. 22, Issue 4, Article ID 1629, Pp. 1-
31.

Acharya, V. and Kumar, P. (2019) Detection of acute lymphoblastic leukemia using image
segmentation and data mining algorithms, Med. Biol. Eng. Comput., Vol. 57, No.
8, Pp. 1783-1811.

Agrawal, P., Shrivastava, S.K. and Limaye, S.S. (2010) MATLAB implementation of
image segmentation algorithms, 3rd International Conference on Computer
Science and Information Technology, Vol. 3, Pp. 427 - 431.

Aharon, M., Elad, M. and Bruckstein, A.M. (2006) The K-SVD: An algorithm for
designing of overcomplete dictionaries for sparse representation, IEEE
Transactions on Signal Processing, Vol. 54, No. 11, Pp. 4311-4322.

Ahirwal, R.R., Pathak, R.N. and Jain, Y.K. (2013) Contrast enhancement of HDR images
using genetic algorithm with efficient fitness value, 1JCSI International Journal of
Computer Science Issues, Vol. 10, Issue 6, No 1, Pp. 70-79.

Ahmed, N., Yigit, A., Isik, Z. and Alpkocak, A. (2019) Identification of leukemia subtypes
from microscopic images using convolutional neural network, Diagnostics, Vol. 9,
No. 3, Article ID 104, Pp. 1-11.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 192



Bibliography

Alagu, S., Priyanka, A.N, Kavitha, G. and Bagan, B.K. (2021) Automatic Detection of
Acute Lymphoblastic Leukemia Using UNET Based Segmentation and Statistical
Analysis of Fused Deep Features, Applied Artificial Intelligence, Vol. 35, Issue 15,
Pp. 1952-1969.

AL-Dulaimi, K., Banks, J., Nugyen, K., Al-Sabaawi, A., Tomeo-Reyes, I. and Chandran,
V. (2021) Segmentation of white blood cell, nucleus and cytoplasm in digital
haematology microscope images: A review-challenges, current and future potential
techniques, IEEE Rev. Biomed. Eng., Vol. 14, Pp. 290-306.

Al-Hafiz, F., Al-Megren, S. and Kurdi, H. (2018) Red blood cell segmentation by
thresholding and Canny detector, Procedia Comput. Sci., Vol. 141, Pp. 327-334.

Al-Jaboriy, S.S., Sjarif, N.N.A., Chuprat, S. and Abduallah, W.M. (2019) Acute
lymphoblastic leukemia segmentation using local pixel information, Pattern
Recognit. Lett., Vol. 125, Pp. 85-90.

Almadhor, A., Sattar, U., Al Hejaili, A., Mohammad, G.U., Tarig, U. and Chikha, B.H
(2022) An efficient computer vision-based approach for acute lymphoblastic
leukemia prediction, Frontiers in Computational Neuroscience, Vol. 16, Article ID
1083649, Pp. 1-10.

Alzubaidi, L., Zhang, J., Humaidi, A.J., Al-Dujaili, A., Duan, Y., Al-Shamma, O.,
Santamaria, J., Fadhel, M.A., Al-Amidie, M. and Farhan, L. (2021) Review of
deep learning: concepts, CNN architectures, challenges, applications, future
directions, J Big Data, VVol. 8, Article ID 53, 1-74.

Amin, R.K. and Sibaroni, Y. (2015) Implementation of decision tree using C4.5 algorithm
in decision making of loan application by debtor (case study: Bank pasar of
Yogyakarta special region),” Proc. 3rd Int. Conf. Inf. Commun. Technol., Pp. 75-
80.

Anchan, A. (2023) Blood Cancer Treatment in India 2023 - Compare Costs, Hospitals &
Doctors,  ClinicSports, Holistic  Healthcare, https://www.clinicspots.com
/blog/blood -cancer-treatment-in-india-2022-compare-costs-hospitals-and-doctors,
Last Accessed During April, 2023.

Andrey, L., llyashenko, I. and Nasretdinov, R. (2020) Use of trainable wavelet transform
with adaptive threshold filtering for noise reduction of speech signals, Journal of
Physics: Conference Series, Vol. 1615, Article ID 012005, Pp. 1-8.

Angkoso, C.V., Purnama, I.K.E. and Purnomo, M.H. (2018) Automatic White Blood Cell
Segmentation Based on Color Segmentation and Active Contour Model,
International Conference on Intelligent Autonomous Systems (IColAS), Pp. 72 -
76.

Anilkumar, K.K., Manoj, V.J. and Sagi, T.M. (2020) A survey on image segmentation of
blood and bone marrow smear images with emphasis to automated detection of
leukemia, Biocybernetics Biomed. Eng., Vol. 40, No. 4, Pp. 1406-1420.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 193



Bibliography

Anita, A. and Yadav, A. (2021) An intelligent model for the detection of white blood cells
using artificial intelligence, Comput. Methods Programs Biomed., Vol. 199,
Article ID 105893, Pp. 1-12.

Arslan, S., Ozyurek, E. and Demir, C.G. (2014) A color and shape based algorithm for
segmentation of white blood cells in peripheral blood and bone marrow images,
International Society for Advancement of Cytometry, Part A, Pp. 480-490.

Ayuya, C. (2020) Feature Engineering in Machine Learning, https://www.section.io/
engineering-education/feature-engineering-in-machine-learning, Last Accessed
During January, 2023.

Bagasjvara, R.G., Candradewi, I., Hartati, S. and Harjoko, A. (2016) Automated detection
and classification techniques of acute leukemia using image processing: A review,
Proc. 2nd Int. Conf. Sci. Technology-Computer, Pp. 35-43.

Bailey, R. (2022) What’s in your blood?, ThoughtCo, https://www.thoughtco.com/ blood-
373480, Last Accessed During April, 2023.

Bain, B.J. (2010) Leukaemia Diagnosis, London: John Wiley and Sons.

Bala, A. (2012) An Improved Watershed Image Segmentation Technique using
MATLAB, International Journal of Scientific & Engineering Research, Vol. 3,
Issue 6, Pp. 1-4.

Banik, P.P., Saha, R. and Kim, K.D. (2020) An Automatic Nucleus Segmentation and
CNN Model based Classification Method of White Blood Cell, Expert Syst. Appl.,
Vol. 149, Article Id 113211, Pp. 1-14.

Banteng, L., Yang, H., Chen, Q. and Wang, Z. (2019) Research on the subtractive
clustering algorithm for mobile ad hoc network based on the Akaike information
criterion, International Journal of Distributed Sensor Networks, Vol. 15, No. 9,
Pp.1-8.

Bar-1lan University (2019) The brain inspires a new type of artificial intelligence, Science
News, Science Daily.

Bartuschat, D. Borsdorf,A., Kostler, H., Rubinstein, R. and Sturmer, M. (2009) A parallel
K-SVD implementation for CT image denoising, Image Processing Project, Pp. 1-
26.

Bassam, N.A., Ramachandran, V. and Parameswaran, S.E. (2021) Wavelet Theory and
Application in Communication and Signal Processing, Wavelet Theory,
IntechOpen, https://www.intechopen.com/chapters/74766, Last Accessed During
January, 2023.

Baszczyski, J., Sowiski, R. and Stefanowski, J. (2009) Feature Set-based Consistency
Sampling in Bagging Ensembles, From Local Patterns To Global Models (LEGO),
ECML/PKDD Workshop, Pp. 19-35.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 194



Bibliography

Bennett, J. M., Catovsky, D., Daniel, M. T., Flandrin, G., Galton, D., Gralnick, H. t., and
Sultan, C. (1976) Proposals for the Classification of the Acute Leukaemias
French- American- British (FAB) Co- operative Group. British journal of
haematology, Vol. 33, Issue 4, Pp. 451-458.

Bennett, J. M., Catovsky, D., Daniel, M. T., Flandrin, G., Galton, D., Gralnick, H.T., and
Sultan, C (1980) A variant form of acute hypergranular promyelocytic leukemia
(M3) British journal of haematology, Vol.44, Issue 1, Pp. 169-170.

Bennett, J. M., Catovsky, D., Daniel, M. T., Flandrin, G., Galton, D. A., Gralnick, H. R.,
and Sultan, C. (1985a) Proposed revised criteria for the classification of acute
myeloid leukemia A report of the French-American-British Cooperative Group.
Annals of internal medicine, Vol. 103, Issue 4, Pp. 620-625.

Bennett, J. M., Catovsky, D., Daniel, M.T., Flandrin, G., Galton, D. A., Gralnick, H.R.,
and Sultan, C. (1985b) Criteria for the diagnosis of acute leukemia of
megakaryocyte lineage (M7) A report of the French-American-British Cooperative
Group. Annals of internal medicine, Vol. 103, Issue 3, Pp. 460-462.

Bennett, J., Catovsky, D., Daniel, M. T., Flandrin, G., Galton, D., Gralnick, H., and Sultan,
C. (1991) Proposal for the recognition of minimally differentiated acute myeloid
leukaemia (AML- MO) British journal of Haematology, Vol. 78, Issue 3, Pp. 325-
329.

Bennett, J., Catovsky, D., Daniel, M.T., Flandrin, G., Galton, D., Gralnick, H., and Sultan,
C. (1981) The morphological classification of acute lymphoblastic leukaemia:
concordance among observers and clinical correlations. British journal of
haematology, Vol. 47, Issue 4, Pp. 553-561.

Bhavnani, L.A., Jaliya, U.K. and Joshi, M.J. (2016) Segmentation and Counting of WBCs
and RBCs from Microscopic Blood Sample Images, International Journal of
Image, Graphics and Signal Processing. Vol. 8, No. 11, Pp. 32-40.

Bhlman, P. and Yu, B. (2002) Analyzing bagging, The Annals of Statistics, Vol.30, Pp. 1-
8.

Billah, M.E. and Javed, F. (2022) Bayesian Convolutional Neural Network-based Models
for Diagnosis of Blood Cancer, Applied Artificial Intelligence, Vol. 36, Issue 1,
Pp. 1-22.

Biswas, S. and Ghoshal, D. (2016) Blood Cell Detection using Thresholding Estimation
Based Watershed Transformation with Sobel Filter in Frequency Domain, Twelfth
International Multi-Conference on Information Processing, Vol. 89, Pp. 651-657.

Boser, B.E., Guyon, .M. and Vapnik, V.N. (1992) A training algorithm for optimal
margin classifiers. InD. Haussler, (Ed.), Proceedings of the 5th Annual ACM
Workshop on Computational Learning Theory, Pp.144-152.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 195



Bibliography

Braica, P. (2006) Edge detection and sharpening process for an image, US Patent No.
7068852.

Breiman, L. (1996) Bagging predictors, Machine Learning, VVol.24, No. 2, Pp.123-140.
Breiman, L. (2001) Random forests, Mach. Learn., Vol. 45, No. 1, Pp. 5-32.

Britto, A.S.J., Sabourin, R. and Oliveira, L.E.S. (2014) Dynamic selection of classifiers -
A comprehensive review, Pattern Recognition, Vol. 47, No. 11, Pp. 3665-3680.

Bruce, A., Donoho, D. and YeGao, H. (1996) Wavelet Analysis, IEEE Spectrum, Pp. 27-
35.

Bukhari, M., Yasmin, S., Sammad, S. and Abd El-Latif, A.A. (2022) A Deep Learning
Framework for Leukemia Cancer Detection in Microscopic Blood Samples Using
Squeeze and Excitation Learning, Mathematical Problems in Engineering, Vol.
2022, Article ID 2801227, Pp. 1-18.

Cervantes, J., Garcia-Lamont, F., Rodriguez-Mazahua, L. and Lopez, A. (2020) A
comprehensive survey on support vector machine classification: Applications,
challenges and trends, Neurocomputing, Vol. 408, Pp. 189-215, Sep. 2020.

Chang, G., Yu, B. and Vetterli, M. (2000) Adaptive Wavelet Thresholding for Image
Denoising and Compression, IEEE Trans of Image Processing, Vol. 9, No. 9, Pp.
1532-1546.

Chang, S., Shen, L., Li, L., Chen, X. and Han, H. (2022) Denoising of scanning electron
microscope images for biological ultrastructure enhancement, Journal of
Bioinformatics and Computational Biology, Vol.2, No.3, Article ID 2250007,
Pp.1-21.

Chavolla, E., Valdivia, A., Diaz, P., Zaldivar, D., Cuevas, E. and Perez, M.A. (2018)
Improved Unsupervised Color Segmentation Using a Modified Color Model and a
Bagging Procedure in -Means++ Algorithm, Mathematical Problems in
Engineering, VVol. 2018, Article ID 2786952, Pp. 1-23.

Chen, L., Chen, C. and Parker, K. (1997) Adaptive feature enhancement form
mammographic images with wavelet multi-resolution analysis, Journal of
Electronic Imaging, Vol. 6, No. 4, Pp. 467-478.

Chen, R., Pu, D., Tong, Y. and Wu, M. (2021) Image-denoising algorithm based on
improved K-singular value decomposition and atom optimization, CAAI
Transactions on Intelligence Technology, Vol. 7, Issue 1, Pp. 117-127.

Chennamadhavuni, A., Lyengar, V., Mukkamalla, S.K.R. and Shimanovsky, A. (2022)
Leukemia, NCBI Bookshelf, StatPearls Publishing.

Chuang, K.S., Tzeng, H.L., Chen, S., Wu, J. and Chen, T.J. (2006) Fuzzy c-means
clustering with spatial information for image segmentation, Comput. Med. Imag.
Graph., Vol. 30, Pp. 9-15.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 196



Bibliography

Chung, J. and Teo, J. (2023) Single classifier Vs. ensemble machine learning approaches
for mental health prediction, Brain Inf. , Vol. 10, No. 1, Pp. 1-10.

Clayton, B.A. (2006) System and method for scaling and enhancing color text images, US
Patent No. 7046390.

Clune, J. (2019) Al-GAs: Al-generating algorithms, an alternate paradigm for producing
general artificial intelligence, arXiv:1905.10985v1, Pp. 1-34.

Cortes, C. and Vapnik, V. (1995) Support vector networks, Machine Learning, Vol. 20,
Pp. 273-297.

Das, A., Namtirtha, A., Dutta, A. (2022b) Fuzzy clustering of Acute Lymphoblastic
Leukemia images assisted by Eagle strategy and morphological reconstruction,
Knowledge-Based Systems, Vol. 239, Article ID 108008, Pp. 1-12.

Das, P.K., Diya, V.A. and Panda, R. (2022a) A Systematic Review on Recent
Advancements in Deep and Machine Learning Based Detection and Classification
of Acute Lymphoblastic Leukemia, IEEE Access, Vol. 10, Pp. 81741-81763.

Das, P.K., Jadoun, P. and Meher, S. (2020) Detection and classification of acute
lymphocytic leukemia, Proc. IEEE-HYDCON, Pp. 1-5.

Das, P.K., Meher, S., Panda, R. and Abraham, A. (2022c) An efficient blood-cell
segmentation for the detection of hematological disorders, IEEE Trans. Cybern.,
Vol. 52, No. 10, Pp. 10615-10626.

Dasariraju, S., Huo, M. and McCalla, S. (2020) Detection and Classification of Immature
Leukocytes for Diagnosis of Acute Myeloid Leukemia Using Random Forest
Algorithm, MDPI Bioengineering, Vol. 7, Article ID 120, Pp. 1-12.

Dean L. (2005) Blood Groups and Red Cell Antigens [Internet]. Bethesda (MD): National
Center for Biotechnology Information (US), Table 1, Complete blood count,
https://www.ncbi.nlm.nih.gov/books/NBK2263/table/ch1.T1, = Last  Accessed
During April, 2003.

Demsar, J. (2006) Statistical comparisons of classifiers over multiple data sets. Journal of
Machine Learning Research, Vol. 7, Pp. 1-30.

Deshpande, N.M., Gite, S. and Aluvalu, R. (2021) A review of microscopic analysis of
blood cells for disease detection with Al perspective, Peer J Comput Sci., Vol. 7,
Acrticle 1D e460, Pp. 1-27.

Devi, T. G. and Patil, N. (2020) Analysis & Evaluation of Image filtering Noise reduction
technique for Microscopic Images, International Conference on Innovative Trends
in Information Technology, Pp. 1-6.

Dey, I. and Siddiqui, S. (2021) Wavelet Transform for Signal Processing in Internet-of-
Things (IoT), Wavelet Theory, IntechOpen, https://www.intechopen.com/chapters/
74597, Last Accessed During January, 2023.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 197



Bibliography

Dhanachandra, N. and Chanu, Y.J. (2019) A New Image Segmentation Method Using
Clustering and Region Merging Techniques, Applications of Artificial Intelligence
Techniques in Engineering, Advances in Intelligent Systems and Computing, Vol.
698, Pp. 603-614.

Dietterich, T.G. (1999) An experimental comparison of three methods for constructing
ensembles of decision trees: Bagging, boosting, and randomization, Machine
Learning, Pp. 1-22.

Dinardo, C.D., Garcia-Manero, G., Pierce, S., Nazha, A., Bueso-Ramos, C., Jabbour, E.,
Ravandi, F., Cortes, J. and Kantarjian, H. (2016) Interactions and relevance of blast
percentage and treatment strategy among younger and older patients with acute
myeloid leukemia (AML) and myelodysplastic syndrome (MDS), Am J Hematol.,
Vol. 91, No. 2, Pp. 227-232.

Ding, C. and Peng, H. (2003) Minimum redundancy feature selection from microarray
gene expression data, Proceedings of the IEEE Conference on Computational
Systems Bioinformatics, Pp. 523-528.

Dogan, A. and Birant, D. (2019) A weighted majority voting ensemble approach for
classification, 4th International Conference on Computer Science and Engineering,
Pp. 1-6.

Dong, Y., Shi, O., Zeng, Q,, Lu, X., Wang, W., Li, Y. and Wang, Q. (2020) Leukemia
incidence trends at the global, regional, and national level between 1990 and 2017,
Experimental Hematology & Oncology, Vol. 9, Issue 14, Pp. 1-11.

Donoho, D.L. (1992) De-noising by soft-thresholding, IEEE Transaction on Information
Theory, Vol.41, No.3, Pp.613-627.

Donoho, D.L. and Johnstone, I.M. (1995a) Adapting to unknown smoothness via wavelet
shrinkage. Journal of the American Statistical Association, Vol. 90, No. 432, Pp.
1200-1224.

Donoho, D.L., Johnstone, 1.M., Kerkyacharian, G. and Picard, D. (1995b) Wavelet
shrinkage: Asymptopia? Journal of the Royal Statistics Society, Series B, Vol. 57,
Pp. 301-369.

Dorini, L.B., Minetto, R. and Leite, N.J. (2012) Semiautomatic white blood cell
segmentation based on multiscale analysis, IEEE J. Biomed. Health Informat., VVol.
17, No. 1, Pp. 250-256.

Dorini, L.B., Minetto, R. and Leite, N.J. (2007) White blood cell segmentation
using morphological operators and scale-space analysis, Proc. 20th Brazilian
Symp. Comput. Graph. Image Process., Pp. 294-304.

Effati, M. and Nejat, G. (2023) A performance study of CNN architectures for the
autonomous detection of covid-19 symptoms using cough and breathing,
Computers MDPI, Vol. 12, No 44, Pp. 1-5.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 198



Bibliography

Ekman, D. and Harner, S. (2022) Comparing Ensemble Methods with Individual
Classifiers in Machine Learning for Diabetes Detection, Degree Project in
Computer Science and Engineering, First Cycle, KTH Royal Institute of
Technology.

Elad, M. and Aharon, M. (2006) Image denoising via sparse and redundant representations
over learned dictionaries, IEEE Transactions on Image Processing, VVol. 15, No.
12, Pp. 3736-3745.

Emo, S., Kim, S., Shin, V. and Ahn, B. (2006) Leukocyte segmentation in blood smear
images using region-based active contours, Proc. Int. Conf. Adv. Concepts Intell.
Vis. Syst., Springer, Pp. 867-876.

Er, M.L., Venkatesan, R. and Wang, N. (2016) An Online Universal Classifier for Binary,
Multi-class and Multi-label Classification, arXiv:1609.00843 [cs.LG], Pp. 1-6.

EunKim, S., Jeon, J.J. and Eom, I. (2016) Image contrast enhancement using entropy
scaling in wavelet domain, Elsevier Signal Processing, Pp. 1-11.

Fadhel, M.A., Humaidi, A.J. and Oleiwi, S.R. (2017) Image processing-based diagnosis of
sickle cell anemia in erythrocytes, Proc. Annu. Conf. New Trends Inf. Commun.
Technol. Appl., Pp. 203-207.

Fan, L., Zhang, F., Fan, H. and Zhang, C. (2019) Brief review of image denoising
techniques, Visual Computing for Industry, Biomedicine and Art, Vol. 2, Issue 1,
Article ID 7, Pp. 1-12.

Fan, L., Zhang, T. and Wenli, D. (2020) Optical-flow-based framework to boost video
object detection performance with object enhancement, Expert Systems with
Applications, Vol. 170, Article ID 114544, Pp. 1-8.

Fang, H., Tang, P. and Hao, S. (2020) Feature Selections Using Minimal Redundancy
Maximal Relevance Algorithm for Human Activity Recognition in Smart Home
Environments, Hindawi Sensor-Based Systems for Independent Living of Ageing
People, VVol. 2020, Article ID 8876782, Pp. 1-13.

Ferdosi, B.J., Nowshin, S. and Sabera, F.A. (2018) Habiba: White Blood Cell Detection
and Segmentation from Fluorescent Images with an Improved Algorithm using
Kmeans Clustering and Morphological Operators, 4th International Conference on
Electrical Engineering and Information & Communication Technology, Pp. 1-8.

Freund, Y. and Schapire, R.E. (1996) Experiments with a new boosting algorithm, Proc.
Int. Conf. Mach. Learn., Vol. 96, Pp. 148-156.

Fu, J., Lien , H. and Wong, S. (2000) Wavelet-based HEQ of gastric sonogram images,
Computerized Medical Imaging and Graphics, Vol.24, Pp. 59-68.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 199



Bibliography

Gabrea, L.A. and Gargour, C.S. (2004) Wavelet based speech enhancement using two
different threshold-based denoising algorithms, IEEE Xplore Digital Library,
Canadian Conference on Electrical and Computer Engineering, Vol. 1, Pp. 315-
318.

Ghaderzadeh, M., Aria, M., Hosseini, A., Asadi, F., Bashash, D. and Abolghasemi, H.
(2022) A fast and efficient CNN model for B-ALL diagnosis and its subtypes
classification using peripheral blood smear images, Int. J. Intell. Syst., Vol. 37,
Issue 8, Pp. 5113-5133.

Ghaderzadeh, M., Asadi,F., Hosseini, A., Bashash, D., Abolghasemi, H. and Roshanpour,
A. (2021) Machine Learning in Detection and Classification of Leukemia Using
Smear Blood Images: A Systematic Review, Review Article, Hindawi Scientific
Programming, Vol. 2021, Article ID 9933481, PP. 1-14.

Ghane, N., Vard, A., Talebi, A. and Nematollahy, P. (2017) Segmentation of white blood
cells from microscopic images using a novel combination of K-Means clustering
and modified watershed algorithm, Journal of Medical Signals and Sensors, Vol.
7, No. 2, Pp. 92-101.

Giannatoua, E., Papavieros. G., Constantoudis, V., Papageorgiou, H. and Gogolides, E.
(2019) Deep learning denoising of SEM images towards noise-reduced LER
measurements, Microelectron Eng., VVol. 216, Article ID 111051, Pp. 1-21.

Gong, J. (2021) A study on wavelet selection in power signal denoising, IOP Conference
Series: Earth and Environmental Science, Vol. 675, Fifth International Conference
on Energy Engineering and Environmental Protection, Article ID 675, Pp. 1-8.

Gool, L. V., Dewaele, P., and Qosterlinck, A. (1985) Texture analysis, anNo. 1983,
Computer Vision Graphics and Image Processing, Vol. 29, Pp. 336-357.

Gowda, J.P. and Kumar, S.C.P. (2017) Segmentation of white blood cell using K-means
and gram-schmidt orthogonalization, Indian Journal of Science and Technology,
Vol. 10, Pp. 1-6.

Greengrad, S. (2019) The algorithm that changed quantum machine learning,
Communications of the ACM, Vol. 62, No. 8, Pp. 15-17.

Gumble and Rode (2017) Analysis & Classification of Acute Lymphoblastic Leukemia
using KNN Algorithm, International Journal on Recent and Innovation Trends in
Computing and Communication, Vol. 5, Issue 2, Pp. 94-98.

Gupta, S. (1981) Architectures & Algorithms for parallel updates of raster scan displays
Ph.D. Dissertation, Carnegie Mellon University.

Halim, N.H.A., Mashor, M.Y. and Hassan, R. (2019) Classification of acute leukemia
based on multilayer perceptron, Journal of Physics: Conference Series,
International Conference on Biomedical Engineering, Vol. 1372, Article ID
012044, Pp. 1-7.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 200



Bibliography

Hall, L., Bowyer, K., Banfield, R., Bhadoria, D., Kegelmeyer, W. and Eschrich, S. (2003)
Comparing pure parallel ensemble creation techniques against bagging, The Third
IEEE International Conference on Data Minin, Pp. 533-536.

Haralick, R.M. (1979) Statistical and structural approaches to texture, Proceeding of the
IEEE, Vol. 67, Pp. 786-804.

Haralick, R.M., Shanmugam, K and Dinstein, I, (1973) Textural Features for Image
Classification, IEEE Transactions on Systems, Man, and Cybernetics SMC, Vol. 3,
No. 6, Pp. 610-621.

Hastie, T., Tibshirani, R. and Friedman, J. (2009) The Elements of Statistical Learning:
Data Mining, Inference, and Prediction, Second Edition, Springer Series in
Statistics, Springer-Verlag.

He, J., Pu, X., Li, M., Li, C. and Guo, Y. (2020) Deep convolutional neural networks for
predicting leukemia-related transcription factor binding sites from DNA sequence
data, Chemom. Intell. Lab. Syst., Vol. 199, Article ID 103976, Pp. 1-6.

Hegde, R.B., Prasad, K., Hebbar, H. and Singh, B.M.K. (2019) Comparison of traditional
image processing and deep learning approaches for classification of white blood
cells in peripheral blood smear images, Biocybernetics Biomed. Eng., Vol. 39, No.
2, Pp. 382-392.

Houssaini, Z.S., El beqgali, O. and El Riffi, J. (2022) Machine Learning-Based
Classification of Leukemia Comparative Study. In: Aboutabit, N., Lazaar, M.,

Hafidi, 1. (eds) Advances in Machine Intelligence and Computer Science
Applications, Lecture Notes in Networks and Systems, Springer, Vol. 656, Pp.
108-115.

http://ilovepathology.com/microscopy-of-leukemia-illustrated, Last Accessed During
April, 2023.

http://www.cancer.gov/cancertopics/types/commoncancers html, Last Accessed During
April, 2023.

http://www.stat.psu.edu/online/courses/stat509/17_diagnos/17_diagnos_print.htm, Last
Accessed During April, 2023.

https://builtin.com/machine-learning/deep-learning, Last Accessed During April, 2023.
https://byjus.com/biology/blood, Last Accessed During April, 2023.
https://data-flair.training/blogs/svm-kernel-functions, Last Accessed During April, 2023.
https://en.wikipedia.org/wiki/ Image_noise, Last Accessed During April, 2023.

https://en.wikipedia.org/wiki/Adaptive_histogram_equalization, Last Accessed During
April 2023.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 201



Bibliography

https://en.wikipedia.org/wiki/Deep_learning, Last Accessed During April, 2023.
https://en.wikipedia.org/wiki/Feature_extraction, Last Accessed During April, 2023.
https://en.wikipedia.org/wiki/Image_noise, Last Accessed During April, 2023.
https://homes.di.unimi.it/scotti/all, Last Accessed During April 2023.

https://in.mathworks.com/discovery/deep-learning.html, Last Accessed During April,
2023.

https://levity.ai/blog/how-do-image-classifiers-work, Last Accessed During April, 2023.

https://machinelearningmastery.com/ what-is-deep-learning, Last Accessed During April,
2023.

https://medium.com/geekculture/kernel-methods-in-support-vector-machines-
bb9409342c49, Last Accessed During April, 2023.

https://stockbeamer.com/2021/01/04/removing-video-noise-in-stock-footage, Last
Accessed During April, 2023.

https://www.cancer.org/cancer/acute-lymphocytic-leukemia/detection-diagnosis-
staging/how-classified.html, Last Accessed During April, 2023.

https://www.hematology.org/education/patients/blood-basics, Last Accessed During April,
2023.

Hu, B., Li, L., Wu, J. and Qian, J. (2020) Subjective and objective quality assessment for
image restoration: A critical survey, Signal Processing: Image Communication,
Vol. 85, Article ID 115839, Pp. 1-19.

Ibrahim, F., Osma, N.A.A., Usma, J. and Kadri, N.A. (2007) Feature extraction in Medical
Ultrasonic Image, 3rd Kuala Lumpur International Conference on Biomedical
Engineering, IFMBE Proceedings, Springer Brlin Heidelberg, Vol.15, Pp.267-270.

llesanmi, A.E. and llesanmi, T.0O. (2021) Methods for image denoising using
convolutional neural network: a review. Complex Intell. Syst., Vol. 7, Pp. 2179-
2198.

Jain, A.K. (1989) Fundamentals of digital image processing. Prentice-Hall.

Jaiswal, S. (2022) Contrast enhancement of grayscale images using morphological
operators, Towards Data Science, https://towardsdatascience.com/contrast-
enhancement-of-grayscale-images-using-morphological-operators-de6d483545a1l,
Last Accessed During April, 2023.

James, J. and Nair, K.N. (2014) Automated Acute Myelogenous Lukemia Detection in
Blood Microscopic Image, International Journal of Science and Research, Vol. 4,
Issue 12, Pp. 1136-1139.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 202



Bibliography

Jha, K.K. and Dutta, H.S. (2019) Mutual information based hybrid model and deep
learning for acute lymphocytic leukemia detection in single cell blood smear
images, Comput. Methods Programs Biomed., Vol. 179, Oct. 2019, Art. No.
104987, Pp. 1-21.

Jiang, Z., Dong, Z., Wang, L. and Jiang, W. (2021) Method for Diagnosis of Acute
Lymphoblastic Leukemia Based on ViT-CNN Ensemble Model, Comput. Intell.
Neurosci., Vol. 2021, Article ID 7529893, Pp. 1-12.

Joshi, Y. (2023) Contrast Enhancement Algorithms, Part of Machine Learning Tutorial,
OpenGenus Foundation, https://ig.opengenus.org/contrast-enhancement-
algorithms, Last Accessed During April, 2023.

Junfeng, J., Shenjuan, L. Gang, W., Weichuan, A. and Changming, S. (2022) Recent
advances on image edge detection: A comprehensive review, Neurocomputing,
Vol. 503, Pp. 259-271.

Jyothish, V.R., Bindu, V.R. and Greeshma, M.S. (2020) An Efficient Image Segmentation
Approach using Superpixels with Colorization, Procedia Computer Science, Vol.
171, Pp.837-846.

Kalashami, M.P., Pedram, M.M. and Sadr, H. (2022) EEG Feature Extraction and Data
Augmentation in Emotion Recognition, Comput Intell Neurosci., Vol. 2022,
Avrticle ID 7028517, Pp. 1-16.

Kang, J., Park, Y.J., Lee, J.,, Wang, S.H. and Eom, D.S.(2018) Novel Leakage Detection
by Ensemble CNN-SVM and Graph-Based Localization in Water Distribution
Systems, IEEE Transactions on Industrial Electronics, 65(5), 4279-4289.

Karar, M.E., Alotaibi, B., and Alotaibi, M. (2022) Intelligent Medical loT-Enabled
Automated Microscopic Image Diagnosis of Acute Blood Cancers, Sensors, Vol.
22, Issue 6, Article ID 2348, Pp. 1-16.

Kaur, R. and Maini, R. (2016) Performance Evaluation and Comparative Analysis of
Different Filters for Noise Reduction, International Journal of Image, Graphics
and Signal Processing, Vol. 8, No. 7, Pp.9-21.

Kazemi, F., Najafabadi, T.A. and Araabi, B.N. (2016) Automatic recognition of acute
myelogenous leukemia in blood microscopic images using K-means clustering and
support vector machine, Journal of Medical Signals & Sensors, Vol. 6, Pp. 183-
193.

Ke, G., Meng, Q., Finley, T., Wang, T., Chen, W., Ma, W., Ye, Q. and Liu, T.Y. (2017)
LightGBM: A highly efficient gradient boosting decision tree, Proc. Adv. Neural
Inf. Process. Syst., Pp. 3146-3154.

Khadidos, A., Sanchez, V. and Li, C.T.(2017) Weighted level set evolution based on local
edge features for medical image segmentation, IEEE Trans. Image Process., Vol.
26, No. 4, Pp. 1979-1991.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 203



Bibliography

Khaire, U.M. and Dhanalakshmi, R. (2022) Stability of feature selection algorithm: A
review, Journal of King Saud University - Computer and Information Sciences,
Vol. 34, Issue 4, Pp. 1060-1073.

Krishnaveni, N. and Radha, V. (2021) Ensemble of Multiple Kernel SVM Classifiers for
Detection of Online Spam Reviews, International Conference on loT based Control
Networks and Intelligent Systems, Pp. 479-488.

Krizhevsky, A., Sutskever, 1. and Hinton, G.E. (2012) ImageNet classification with deep
convolutional neural networks, Proceedings of the 25th International Conference
on Neural Information Processing Systems, Pp. 1097-1105.

Kumar, G. and Bhatia, P. (2014) A Detailed Review of Feature Extraction in Image
Processing Systems, Fourth IEEE International Conference on Advanced
Computing & Communication Technologies, Pp. 5-12.

Kumar, P.R., Sarkar, A., Mohanty, S. N. and Kumar, P.P. (2020) Segmentation of White
Blood Cells using Image Segmentation Algorithms, 5th International Conference
on Computing, Communication and Security, Pp 1-4.

Kumar, P.R., Sarkar, A., Mohanty, S.N. and Kumar, P.P. (2020) Segmentation of White
Blood Cells using Image Segmentation Algorithms, 5th International Conference
on Computing, Communication and Security, Pp. 1-4.

Kumar, V. and Minz, S. (2013) Feature selection: A literature review, Smart Computing
Review, Vol. 4, No. 3, Pp. 211-229.

Kumar, V., Lalotra, G. S., and Kumar, R. K. (2022a) Improving performance of classifiers
for diagnosis of critical diseases to prevent covid risk, Comput. Electric. Eng., Vol.
102, Article 1D 108236, Pp. 1-20.

Kumar, V., Lalotra, G. S., Sasikala, P., Rajput, D. S., Kaluri, R., Lakshmanna, K.,
Shorfuzzaman, M., Alsufyani, A. and Uddin, M. (2022b) Addressing binary
classification over class imbalanced clinical datasets using computationally
intelligent techniques, Healthcare, MDPI, Vol. 10, Article ID 1293, Pp. 1-28.

Kuncheva, L.1. (2004) Combining pattern classifiers: methods and algorithms. John Wiley
& Sons, Hoboken, New Jersey.

Kundu, R. (2023) Image processing : Techniques, types & applications,
https://www.v7labs.com/blog/image-processing-guide, Last Accessed During April
2023.

Kushol, R., Nishat, R.M., Rahman, A.B.M.A., Salekin, M.M. (2019) Contrast
Enhancement of Medical X-Ray Image Using Morphological Operators with
Optimal Structuring Element, arXiv:1905.08545v1 [cs.CV], Pp. 1-12.

Labati, R.D., Piuri, V. , Scotti, F. (2011) ALL-IDB: the acute lymphoblastic leukemia
image database for image processing, Proc. of the 2011 IEEE Int. Conf. on Image
Processing, Pp. 2045-2048.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 204



Bibliography

Laine, R.F., Jacquemet, G. and Krull, A. (2021) Imaging in focus: An introduction to
denoising bioimages in the era of deep learning, International Journal Biochem
Cell Biol., Vol. 140, Article 1D 106077, Pp. 1-23.

Lalotra, G. S., Kumar, V., and Rajput, D. S. (2021) Predictive performance analysis of
ensemble learners on bcd dataset, IEEE International IEEE Conference on
Technology, Research, and Innovation for Betterment of Society, Pp. 1-6

Lam, X.H., Ng, K.W., Yoong, Y.J. and Ng, S.B. (2021) WBC-based segmentation and
classification on microscopic images: a minor improvement, F1000Research
Journal, Vol. 10, Article ID 1168, Pp. 1-18.

Landis, J.R. and Koch, G.G. (1977) The measurement of observer agreement for
categorical data, Biometrics, VVol. 33, No. 1, Pp. 159-74.

Latif, A., Agsa, R., Umer, S., Jameel, A., Nouman, A., Igbal, R.N., Bushra, Z., Hanif,
D.S., Muhammad, S. and Tehmina, K. (2019) Content-Based Image Retrieval and
Feature Extraction: A Comprehensive Review, Vol. 2019, Article ID 9658350, Pp.
1-23.

LeCun, Y., Bengio, Y. and Hinton, G. (2015) Deep Learning, Nature, Vol. 521, Article ID
7553, Pp. 1097-1105.

Li, B., Tang, H., Cheng, Z., Zhang, Y. and Xiang, H. (2020) The Current Situation and
Future Trend of Leukemia Mortality by S

Li, C., Xu, C., Gui, C. and Fox, M.D. (2010) Distance regularized level set evolution and
its application to image segmentation, IEEE Trans. Image Process., Vol. 19, No.
12, Pp. 3243-3254.

Li, H., Gao, J. and Liu, D.C. (2007) Adaptive Edge Enhancement of the Ultrasound
Image, 4th Int. Conf. Image Graph., Washington DC, WA, Pp. 86-91.

Li, Y., Zhu, R., Mi, L., Yihui, C., Di, Y. (2016) Segmentation of White Blood Cell from
Acute Lymphoblastic Leukemia Images Using Dual-Threshold Method, Comput.
Math. Methods Med., Vol. 2016, Article ID 9514707, Pp. 1-12.

Liang, S.F., Chen, H.M. and Liu, Y.C. (2010) Image Enlargement by Applying Coordinate
Rotation and Kernel Stretching to Interpolation Kernels. Hindawi Publishing
Corporation EURASIP Journal on Advances in Signal Processing, Vol. 2010,
Article ID 576831, Pp.1-18.

Lidong, H., Wei, Z., Jun, W. and Zebin, S. (2015) Combination of contrast limited
adaptive histogram equalisation and discrete wavelet transform for image
enhancement, IET Image Processing Journals, Vol. 9, Issue 10, Pp. 908-915.

Lim, H.N., Mashor, M.Y., Supardi, N.Z. and Hassan, R. (2015) Color and morphological
based techniques on white blood cells segmentation, 2nd International Conference
on Biomedical Engineering, Pp. 1- 5.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 205



Bibliography

Lim, T.S., Loh, W.Y. and Shih, Y.S. (2000) A comparison of prediction accuracy,
complexity, and training time of thirty-three old and new classification
algorithms,Mach. Learn., VVol. 40, No. 3, Pp. 203-228.

Lin, X., Wang, J., Huang, X., Wang, H., Li, F., Ye, W., Huang, S., Pan, J., Ling, Q., Wei,
W., Mao, S., Qian, Y., Jin, J. and Huang J. (2021) Global, regional, and national
burdens of leukemia from 1990 to 2017: a systematic analysis of the global burden
of disease 2017 study, Aging, Vol.13, Issue 7, Pp. 10468-10489.

Liu, J., Ali, S. and Shah, M. (2008) Recognizing human actions using multiple features,
IEEE Conference on Computer Vision and Pattern Recognition, Pp. 1-8.

Liu, T., Ye, X. and Sun, B. (2018). Combining Convolutional Neural Network and
Support Vector Machine for Gait-based Gender Recognition, Chinese Automation
Congress, Pp. 3477-3481.

Liu, Y., Zhao, T., Ju, W. and Shi, S. (2017) Materials discovery and design using machine
learning, Journal of Materiomics, Vol. 3, Issue 3, Pp. 159-177.

Lund, M.D. (1997) Pixel image edge-smoothing method and system, US Patent No.
5650858.

Madhloom, H.T., Kareem, S.A. and Ariffin, H. (2015) Computer-aided acute leukemia
blast cells segmentation in peripheral blood images, Journal of Vibroengineering,
Vol. 17, Pp. 4517-4532.

Mallick, P.K., Mohapatra, S.K., Chae, G.S. and Mohanty, M.N. (2020) Convergent
learning-based model for leukemia classification from gene expression, Personal
and Ubiquitous Computing, Springer, Pp. 1-8.

Mandal, S., Daivajna, V. and Rajagopalan, V. (2019) Machine learning based system for
automatic detection of leukemia cancer cell, Proc. IEEE 16th India Council Int.
Conf., Pp. 1-4.

Margineantu, D.D. and Dietterich, T.G.. (1997) Pruning adaptive boosting, Proc. of the
14th International Conference on Machine Learning, Morgan Kaufmann, Pp. 211-
218.

Marimuthu, P. (2022) Image contrast enhancement using CLAHE, Analytics Vidhya,
https://www.analyticsvidhya.com/blog/2022/08/image-contrast-enhancement-
using-clahe, Last Accessed During April, 2023.

Martinez, V.S. (2011) Dynamic & static pruning techniques for classification ensembles,
A Thesis Submitted in Partial Fulfilment for the Degree of Masters of Science,
Departmeneto de Ingenieria Infomatica, Universidad Autonoma De Madrid.

Marzukia, N.I.C., Mahmoodb, N.H. and Razakb, M.A.A. (2015) Segmentation of white
blood cell nucleus using active contour, Jurnal Teknologi, Vol. 74, Pp. 115-118.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 206



Bibliography

Mata, C., Munuera, J., Lalande, A., Ochoa-Ruiz, G. and Benitez, R. (2022) MedicalSeg: A
Medical GUI Application for Image Segmentation Management, Algorithm, Vol.
15, Article ID 200, Pp.1-19.

Maurya, L., Mahapatra, P.K. and Kumar, A. (2017) A social spider optimized image
fusion approach for contrast enhancement and brightness preservation, Elsevier
Applied Soft Computing, Pp. 575-592.

Mayank, M., Tanupriya, C. and Tanmay, S. (2021) CNN based efficient image
classification system for smartphone device, Electronic Letters on Computer
Vision and Image Analysis, Pp. 1-15.

Meijden, P.E.J. and Heemskerk, JW.M. (2019) Platelet biology and functions: new
concepts and clinical perspectives, Nat. Rev. Cardiol., Vol. 16, No. 3, Pp. 166-179.

Mikotajczyk, A. and Grochowski, M. (2018) Data augmentation for improving deep
learning in image classification problem, Proceedings of the International
Interdisciplinary PhD Workshop, Pp. 117-122.

Mirjankar, N. and Patil, P.B. (2018) Artificial Intelligence in Neural Network,
International Journal of Engineering Research & Technology, Vol. 6, Issue 13,
Pp.1-4.

Mishra, S., Majhi, B. and Sa, P.K. (2019) Texture feature based classification on
microscopic blood smear for acute lymphoblastic leukemia detection, Biomed.
Signal Process. Control, Vol. 47, Pp. 303-311.

Mishra, S., Majhi, B. and Sa, P.K. (2018) GLRLM-based feature extraction
for acute lymphoblastic leukemia (ALL) detection, Recent Findings in Intelligent
Computing Techniques, Pp. 399-407.

Mishra, S., Majhi, B., Sa, P.K. and Sharma, L. (2017) Gray level co-occurrence matrix and
random forest based acute lymphoblastic leukemia detection, Biomed. Signal
Process. Control, Vol. 33, Pp. 272-280.

Mohammed, Z.F. and Abdulla, A.A. (2020) Thresholding-based White Blood Cells
Segmentation from Microscopic Blood Images, UHD Journal of Science and
Technology, Vol. 4, Issue 1, Pp. 9-17.

Mohapatra, S., Patra, D. and Kumar, K. (2012a) Unsupervised leukocyte image
segmentation using rough fuzzy clustering, ISRN Artif. Intell., Vol. 2012, Pp. 1-
12.

Mohapatra, S., Patra, D. and Satpathi, S. (2010) Image analysis of blood microscopic
images for acute leukemia detection, Proc. Int. Conf. Ind. Electron., Control
Robot., Pp. 215-219.

Mohapatra, S., Patra, D., Kumar, S. and Satpathy, S. (2012b) Lymphocyte image
segmentation using functional link neural architecture for acute leukemia detection,
Biomed. Eng. Lett., Vol. 2, No. 2, Pp. 100-110.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 207



Bibliography

Mohideen, S., Perumal, A. and Mohamed, S. (2008) Image Denoising using Discrete
Wavelet transform, International Journal of Computer Science and Network
Security, Vol. 8, No. 1, Pp. 1-5.

Molinero, X., Serna, M. and Taberner-Ortiz, M. (2021) On weights and quotas for
weighted majority voting games, Games MDPI, Vol. 12, No. 4, Article ID 91,
Pp.1-25.

Mondal, C., Hasan, K., Ahmad, M., Awal, A., Jawad, T., Dutta, A., Islam, R. and Moni,
M.A. (2021) Ensemble of Convolutional Neural Networks to diagnose Acute
Lymphoblastic Leukemia from microscopic images, Informatics in Medicine
Unlocked, Vol. 27, Article ID 100794, Pp. 1-14.

Montejo-Raez, A. (2005) Automatic Text Categorization of documents in the High Energy
Physics domain, CERN-THESIS-2006-008.

MoradiAmin, M., Memari, A., Samadzadehaghdam, N., Kermani, S. and Talebi, A. (2016)
Computer aided detection and classification of acute lymphoblastic leukemia cell
subtypes based on microscopic image analysis, Microsc. Res. Technique, Vol. 79,
No. 10, Pp. 908-916.

Mosavi, A., Salimi, M., Ardabili, S.F., Rabczuk, T., Shamshirband, S. and Varkonyi-
Koczy, A.R. (2019) State of the art of machine learning models in energy systems,
a systematic review, Energies, MDPI, Vol. 12, Article ID 1301, Pp. 1-42.

Moshavash, Z., Danyali, H. and Helfroush, M.S. (2018) An automatic and robust decision
support system for accurate acute leukemia diagnosis from blood microscopic
images, J. Digit. Imag., Vol. 31, No. 5, Pp. 702-717.

Mostafa, S.A., Mustapha, A., Mohammed, M.A., Hamed, R.l., Arunkumar, N., Ghani,
M.K.A., Jaber, M.M. and Khaleefah, S.H. (2019) Examining multiple feature
evaluation and classification methods for improving the diagnosis of Parkinson’s
disease, Cognitive Systems Research, Vol. 54,Pp. 90-99.

Munoz, G.M., Lobato, D.H. and Suarez,A. (2009) An analysis of ensemble pruning
techniques based on ordered aggregation. IEEE Transactions on Pattern Analysis
and Machine Intelligence, Vol. 31, No. 2, Pp. 245-259.

Mustafa, G., Azamossadat, H., Farkhondeh, A., Hassan, A., Davood, B. and Arash, R.
(2022) Automated Detection Model in Classification of B-Lymphoblast Cells from
Normal B-Lymphoid Precursors in Blood Smear Microscopic Images Based on the
Majority Voting Technique,Hindawi Scientific Programming Article ID 4801671,
Vol. 2022, Pp.1-8.

Mutlag, W.K., Ali, S.K., Aydam, Z.M. and Taher, B.H. (2020) Feature extraction methods
- A review, Journal of Physics : Conference Series, IOPScience, Vol. 1591, Fifth
International Scientific Conference of Al-Khwarizmi Society, Vol. 1591, Article
ID 012028, Pp. 1-11.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 208



Bibliography

Nasir, A.A., Mashor, M.Y. and Hassan, R. (2013) Classification of Acute Leukaemia Cells
using Multilayer Perceptron and Simplified Fuzzy ARTMAP Neural Networks,
The International Arab Journal of Information Technology, Vol. 10, No. 4, Pp.
356-364.

Naz, I., Muhammad, N., Yasmin, M., Sharif, M., Shah, J.H. and Fernandes, S.L. (2019)
Robust Discrimination of Leukocytes Protuberant Types for Early Diagnosis Of
Leukemia, J. Mech. Med. Biol., VVol. 19, No. 6. Article ID 1950055, Pp. 1-17.

Nazari, E., Farzin, A.H., Aghemiri, M., Avan, A., Tara, M. and Tabesh, H. (2020) Deep
Learning for Acute Myeloid Leukemia Diagnosis, J Med Life., Vol, 13, Issue 3,
Pp. 382-387.

Nazlibilek, S., Karacor, D., Ercan, T., Sazli, M.H., Kalender, O. and Ege, Y. (2014)
Automatic segmentation, counting, size determination and classification of white
blood cells, Measurement, Vol. 55, No. 3, Pp. 58-65.

Negm, A.S., Hassan, O.A. and Kandil A.H. (2018) A decision support system for Acute
Leukaemia classification based on digital microscopic images, Alex. Eng. J., Vol.
57, No. 4, Pp. 2319-2332.

Neoh, S.C., Srisukkham, W., Zhang, L., Todryk, S., Greystoke, B., Lim, C.P., Hossain,
M.A. and Aslam, N. (2015) An intelligent decision support system for leukaemia
diagnosis using microscopic blood images, Sci. Rep., Vol. 5, P. 14938.

Nti, I.LK., Adekoya, A.F. and Weyori, B.A. (2020) A comprehensive evaluation of
ensemble learning for stock-market prediction, Journal of Big Data, Vol. 7, Article
ID 20, Pp. 1-40.

Nur, A., Wan, M., Mohd, J., Wafi, N.M., Muhammad, M. and Hiam, A. (2022) Edge
Enhancement and Detection Approach on Cervical Cytology Images, Journal of
Advanced Research in Applied Sciences and Engineering Technology, Vol. 28, Pp.
44-55.

O'Driscoll, L., Nichols, R. and Knott, P.A. (2019) A hybrid machine learning algorithm
for designing quantum experiments, Quantum Machine Intelligence, Vol. 1, Issue
1-2, Pp.5-15.

Ort, D.L. (1981) Character Edge Smoothing for Matrix Printing, Xerox Disclosure
Journal, Vol. 6, No. 1, Pp 1-8.

Otsu N. (1979) A threshold selection method from gray-level histograms, IEEE Trans Sys
Man., Vol. 9, Pp. 62-66.

Pal, M. (2005) Random forest classifier for remote sensing classification, Int. J. Remote
Sens., Vol. 26, No. 1, Pp. 217-222.

Pang, S., Zhang, X., Li, H. and Lu, Y. (2021) Edge determination improvement of
scanning electron microscope images by inpainting and anisotropic diffusion for
measurement and analysis of microstructures, Measurement, Vol. 176, Article ID
109217, Pp. 1-17.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 209



Bibliography

Parihar, A.S. and Verma, O.P. (2016) Contrast enhancement us- ing entropy-based
dynamic sub-histogram equalization, IET Image Process., Vol. 10 Iss. 11, Pp. 799-
808, 2016.

Parthvi, A., Rawal, K. and Choubey, D.K. (2020) A comparative study using machine
learning and data mining approach for leukemia, Proc. Int. Conf. Commun. Signal
Process., Pp. 672—677.

Patel, N. and Mishra, A. (2015) Automated leukaemia detection using microscopic
images, Proc. Comput. Sci., Vol. 58, Pp. 635-642.

Patra, J.C., Pal, R.N., Chatterji, B.N. and Panda, G. (1999) Identification of non-linear
dynamic systems using functional link artificial neural networks, IEEE Trans.
Syst., Man, Cybern. B, Cybern., VVol. 29, No. 2, Pp. 254-262.

Patra, J.C., Panda, G. and Baliarsingh, R. (1994) Artificial neural network-based
nonlinearity estimation of pressure sensors, IEEE Trans. Instrum. Meas., Vol. 43,
No. 6, Pp. 874-881.

Patterson, J. and Gibson, A. (2017) Deep learning: A practitioner’s approach, O’Reilly
Media, Inc.

Prakisya, N.P.T., Liantoni, F., Hatta, P., Aristyagama, Y.H. and Setiawan, A. (2021)
Utilization of K-nearest neighbor algorithm for classification of white blood cells
in AML M4, M5, and M7, Open Engineering, Vol. 11, No. 1, Pp. 662-668.

Prasad, S. (2018) Microscopic Image Denoising and Sharpening Techniques, International
Conference on Advances in Computer Science and Technology, Pp. 1-4.

Press, W.H., Teukolsky, S.A., Vetterling, W.T. and Flannery, B.P. (1988) Numerical
Recipes in C. Cambridge University Press.

Priya, S., Agarwal, S., Thakur, P. and Uthra, A. (2020) Ensemble Based Classification for
Class Imbalanced Credit Card Fraudulent Data, International Journal of Advanced
Science and Technology, Vol. 2,9 No. 06, Pp. 2129-2141.

Purwanti, E. and Calista, E. (2017) Detection of acute lymphocyte leukemia using k-
nearest neighbor algorithm based on shape and histogram features, Journal of
Physics: Conference Series, International Conference on Physical Instrumentation
and Advanced Materials, VVol. 853, Article ID 012011, Pp. 1 -5.

Qiao, Y., Zhang, Y., Liu, N., Chen, P. and Liu, Y. (2021) An End-to-End Pipeline for
Early Diagnosis of Acute Promyelocytic Leukemia Based on a Compact CNN
Model, Diagnostics, Vol. 11, Issue 7, Article ID 1237, Pp. 1-12.

Quinlan, J. R. (1993) C4.5: Programs for Machine Learning (Morgan Kaufmann Series in
Machine Learning) Morgan Kaufmann, Los Altos, CA.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 210



Bibliography

Quinones, V.V., Macawile, M.J., Ballado A., Cruz, J.D. and Caya, M.V. (2018) Leukocyte
segmentation and counting based on microscopic blood images using HSV
saturation component with blob analysis, 3rd International Conference on Control
and Robotics Engineering, Pp. 254-258.

Rahadi, 1., Choodoung, M. and Choodoung, A. (2020) Red blood cells and white blood
cells detection by image processing, J. Phys. Conf. Ser., Vol. 1539, No. 1, Article
ID 012025, Pp. 1-8.

Rahimi-Nasrabadi, H., Jin, J., Mazade, R., Pons, C., Najafian, S. and Alonso, J.M. (2021)
Image luminance changes contrast sensitivity in visual cortex, Cell Rep., Vol. 34,
No. 5, Article ID 108692, Pp. 1-38.

Ramezani, M., Karimian, A. and Moallem, P. (2014) Automatic detection of malignant
melanoma using macroscopic images. J Med Signals Sens., VVol. 4, Pp. 281-290.

Ranjitha, P. and Duth, S.P. (2021) Detection of Blood Cancer-Leukemia using K-means
Algorithm, 5th International Conference on Intelligent Computing and Control
Systems, Pp. 838-842.

Rawat, J., Singh, A., Bhadauria, H.S., Virmani, J. and Devgun, J.S. (2017b) Classification
of acute lymphoblastic leukaemia using hybrid hierarchical classifiers, Multimedia
Tools Appl., Vol. 76, Issue 18, Pp. 19057-19085.

Rawat, J., Singh, A., H, B., Virmani, J. and Devgun, J.S. (2017a) Computer assisted
classification framework for prediction of acute lymphoblastic and acute
myeloblastic leukemia, Biocybernetics Biomed. Eng., Vol. 37, No. 4, Pp. 637-654.

Reem, E., Elsaid, A.M., Mohamed, M. and Mohamed, M. (2022) Supervised Acute
Lymphocytic Leukemia Detection and Classification Based - Empirical Mode
Decomposition, IEEE International Telecommunications Conference, Pp. 1-7.

Rehman, A., Abbas, N., Saba, T., Rahman, S.1.U., Mehmood, Z. and Kolivand, H. (2018)
Classification of acute lymphoblastic leukemia using deep learning, Microscopy
Research and Technique, Vol. 81, Issue 11, Pp. 1-9.

Ren, J., Guo, J., Qian, W., Yuan, H., Hao, X. and Jingjing, H. (2019) Building an Effective
Intrusion Detection System by Using Hybrid Data Optimization Based on Machine
Learning Algorithms, Security and Communication Networks, Vol. 2019, Article
ID 7130868, Pp. 1-11.

Rishabh, S. and Arora, S. (2022) Analysis of K-Means Clustering Algorithm,
International Journal of Engineering Research & Technology, Vol. 11, Issue 06,
Pp. 150-153.

Ritika, R. and Kaur, S. (2013) Contrast enhancement techniques for images - A visual
analysis, International Journal of Computer Applications, Vol. 64, No. 17, Pp. 20-
25.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 211



Bibliography

Roman, G., Tim, H., Charles, C. and Wenjie, H. (2005) A universal noise removal
algorithm with an impulse detector, IEEE Transactions on Image Processing, Vol.
14, Pp. 1747-1754.

Rost, B. and Sander, C. (1994) Combining evolutionary information and neural networks
to predict protein secondary structure, Proteins, Vol. 19, Pp. 55-72.

Ruberto, C., Loddo, A. and Putzu, L. (2020) Detection of red and white blood cells from
microscopic blood images using a region proposal approach, Computers in Biology
and Medicine, Vol. 116, Article ID 103530, Pp. 1-27.

Rubinstein, R., Zibulevsky, M. and Elad, M. (2008) Efficient Implementation of the K-
SVD  Algorithm and the Batch-OMP  Method, CS  Technion,
file:///C:/Users/lenovo/ Downloads/Efficient_Implementation_of the K-
SVD_Algorithm_Us.pdf, Pp. 1-16.

Rui, S., Tao, L., Qi, C., Zexuan, W., Xiaogang, D., Weigiang, Z. and Asoke, N. (2022)
Survey of Image Edge Detection, Frontiers in Signal Processing, Vol. 2, Article ID
826967, Pp. 1-13.

Saarela, M. and Jauhiainen, S. (2021) Comparison of feature importance measures as
explanations for classification models, SN Appl. Sci., Springer Nature Journal,
Vol. 3, Article ID 272, Pp. 1-12.

Sadeghian, F., Seman, Z., Ramli, A.R., Kahar, B.H.A. and Saripan, M.l. (2009) A
Framework for White Blood Cell Segmentation in Microscopic Blood Images
Using Digital Image Processing, Biol Proced Online, Vol. 11, Article 1D 196, Pp.
1-14.

Safavian, S.R. and Landgrebe, D. (1991) A survey of decision tree classifier methodology,
IEEE Trans. Syst., Man, Cybern., Vol. 21, No. 3, Pp. 660-674.

Safuan, S.N., Tomari, M.R. and Zakaria, W.N. (2018) White blood cell (WBC) counting
analysis in blood smear images using various color segmentation methods,
Measurement, Vol. 116, Pp. 543-555.

Sahlol, A.T., Kollmannsberger, P. and Ewees, A.A. (2020) Efficient classification of white
blood cell leukemia with improved swarm optimization of deep features, Sci. Rep.,
Vol. 10, Article ID 2536, Pp. 1-11.

Salem, N., Sobhy, N.M. and Dosoky, M.E. (2016) A Comparative Study of White Blood
cells Segmentation using Otsu Threshold and Watershed Transformation, Journal
of Biomedical Engineering and Medical Imaging, Vol. 3, No.3, Pp. 1-4.

Salihah, A.N.A., Mashor, M.Y. and Hassan, R. (2013) Classification of acute leukaemia
cells using multilayer perceptron and simplified fuzzy ARTMAP neural networks,
Int. Arab J. Inf. Technol., Vol. 10, Pp.356-364.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 212



Bibliography

Sampathila, N., Chadaga, K., Goswami, N., Chadaga, R. P., Pandya, M., Prabhu, S., Bairy,
M. G., Katta, S. S., Bhat, D. and Upadya, S.P. (2022) Customized Deep Learning
Classifier for Detection of Acute Lymphoblastic Leukemia Using Blood Smear
Images. Healthcare (Basel, Switzerland), Vol. 10, Issue 10, Article ID 1812, Pp. 1-
16.

Sarker, I.H. (2021) Machine Learning: Algorithms, Real-World Applications and
Research Directions, SN Computer Science, Vol. 2, Article ID 160, Pp. 1-21.

Savkare, S.S. and Narote, S.P. (2015) Blood cell segmentation from microscopic blood
images, International Conference on Information Processing, Pp. 1-5.

Savkare, S.S., Narote, A.S. and Narote, S.P. (2016) Automatic Blood Cell Segmentation
Using K-Mean Clustering from Microscopic Thin Blood Images, Proceedings of
the Third International Symposium on Computer Vision and the Internet, Pp. 1-4.

Schmidhuber, J. (2015) Deep learning in neural networks: an overview, Neural Networks,
Vol. 61, Pp. 85-117.

Sena, O., irem, K. and Sunar, F. (2022) Comparison of satellite image denoising
techniques in spatial and frequency domains, International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences, XLIII-B3-
2022, Pp. 1241-1247.

Sesmero, M.P., Iglesias, J.A., Magan, E., Ledezma, A. and Sanchis, A. (2021) Impact of
the learners diversity and combination method on the generation of heterogeneous
classifier ensembles, Applied Soft Computing, Vol. 111, Article ID 107689, Pp. 1-
17.

Shafique, S. and Tehsin, S. (2018a) Acute Lymphoblastic Leukemia Detection and
Classification of Its Subtypes Using Pretrained Deep Convolutional Neural
Networks. Technology in cancer research & treatment, Vol. 17, Pp. 1-7.

Shafique, S. and Tehsin, S. (2018b) Computer-Aided Diagnosis of Acute Lymphoblastic
Leukaemia, Computational and mathematical methods in medicine, Vol. 1028,
Article ID 6125289, Pp. 1-13.

Shakeri, M., Dezfoulian, M.H., Khotanlou, H., Barati, A.H. and Masoumi, Y. (2017)
Image contrast enhancement using fuzzy clustering with adaptive cluster parameter
and sub-histogram equalization, Elsevier Digital signal Processing, Pp. 224-237.

Shanbehzadesh, J. and Yazdani, S. (2020) Feature Selection,
https://slideplayer.com/slide/8500219, Last Access During Febraury 2020.

Shannon, C. and Weaver, W. (1998) The mathematical theory of communication,
University of Illinois Press.

Sharma, N., Mukopadhyay, A., Garg, A., Shrivastava, A., Pathan, S. (2022) Detection of
Acute Lymphoblastic Leukemia and its Subtypes using Deep Learning,
International Journal of Engineering Research & Technology, Vol. 11, Issue 05,
Pp. 339-341.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 213



Bibliography

Shephard, E.A., Neal, R.D., Rose, P.W., Walter, F.M. and Hamilton, W. (2016) Symptoms
of adult chronic and acute leukaemia before diagnosis: large primary care case-
control studies using electronic records, British Journal of General Practice, Vol.
66, Article ID 644, Pp. e182-e188.

Sheriff, S. (2020) The what why & how of feature engineering, https://acuvate.com/
blog/the-what-why-and-how-of-feature-engineering, Last Accessed During
January, 2023.

Shijie, J., Ping, W., Peiyi, J. and Siping, H. (2017) Research on data augmentation for
image classification based on convolution neural networks, Proceedings of the
Chinese Automation Congress, Pp. 4165-4170.

Shimony, S., Stahl, M. and Stone, R.M. (2023) Acute myeloid leukemia: 2023 update on
diagnosis, risk-stratification, and management, Am J Hematol., VVol. 98, Issue 3,
Pp. 502-526.

Shin, J. and Park, R.H. (2015) Histogram-Based Locality-Preserving Contrast
Enhancement, IEEE Signal Processing Letters, VVol. 22, No. 9, Pp. 1293-1296.

Shirasaka, A. (1998) Image processing apparatus and method for smoothing stairway-like
portions of a contour line of an image, US Patent No. 5838298.

Siegel, R.L., Miller, K.D., Wagle, N.S. and Jemal, A. (2023) Cancer statistics, Cancer J
Clin., Vol. 73, Issue 1, Pp. 17- 48.

Simonyan, K. and Zisserman, A. (2015) Very deep convolutional networks for large-scale
image recognition, arXiv:1409.1556, Pp.1-14.

Singh, I. and Verma, O. P (2021) Impulse Noise Removal in Color Image Sequences
Using Fuzzy Logic, Multimedia Tools Appl., VVol. 80, No. 12, Pp. 18279-18300.

Smitha, R., Panduranga, K.P. and Siddaramappa, H.K. (2020) A Stacking Ensemble for
Network Intrusion Detection Using Heterogeneous Datasets, Security and
Communication Networks, Article ID 4586875, Vol. 2020, Pp. 1-9.

Sobhy, N.M., Salem, N.M. and EI Dosoky, M. (2016) A comparative study of white blood
cells segmentation using otsu threshold and watershed transformation, Journal of
Biomedical Engineering and Medical Imaging, Vol. 3, No. 3, Pp. 15-24.

Sokolova, M. and Lapalme, G. (2009) A systematic analysis of performance measures for
classification tasks. Inf. Process. Manage, Vol. 45, No.4, Pp. 427-437.

Starza, D.l., Chiaretti, S., De Propris, M.S., Elia, L., Cavalli, M., De Novi, L.A., Soscia,
R., Messina, M., Vitale, A., Guarini, A. and Foa, R. (2019) Minimal Residual
Disease in Acute Lymphoblastic Leukemia: Technical and Clinical Advances,
Frontiers in Oncology, Vol. 9, Article ID 726, Pp. 1-17.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 214



Bibliography

Stork, J., Ramos, R., Koch, P. and Konen, W. (2015) SVM Ensembles Are Better When
Different Kernel Types Are Combined, Lausen, B., Krolak-Schwerdt, S., Béhmer,
M. (eds) Data Science, Learning by Latent Structures, and Knowledge Discovery,
Part of Studies in Classification, Data Analysis, and Knowledge Organization
Book Series, Springer, Pp. 191-201.

Strela, V. (2000) Denoising via block Wiener filtering in wavelet domain, 3rd European
Congress of Mathematics, Barcelona, Birkhauser Verlag.

Suharyanto, Hasibuan, Z.A., Andono, P.N., Pujiono, Setiadi, D.R.I.M. (2021) Contrast
Limited Adaptive Histogram Equalization for Underwater Image Matching
Optimization use SURF, Journal of Physics: Conference Series, Vol. 1803, Article
ID 012008, Pp. 1-10.

Sukhia, K.N., Riaz, M.M., Ghafoor, A. and Iltaf, N. (2017) Overlapping white blood cells
detection based on watershed transform and circle fitting, Radioengineering, Vol.
24, Pp. 1177-1181.

Sumanth, K., Hima, B., Rao, T. and Vijayarangan, R. (2018) Transform based image
denoising, Periodicals of Engineering and Natural Sciences, Vol. 6, Pp. 251-259.

Sundaram, K.M., Hussain, A., Sajeevikumar, P., Kaliappan, V.K. and Santhoshi, B.K.
(2021) Deep Learning for Fault Diagnostics in Bearings, Insulators, PV Panels,
Power Lines, and Electric Vehicle Applications—The State-of-the-Art
Approaches, IEEE Access, Special Section on Evolving Technologies in Energy
Storage Systems For Energy Systems Applications, Vol. 9, Pp. 41246-41260.

Supardi, N.Z., Mashor, M.Y., Harun, N.H., Bakri, F.A. and Hassan, R. (2012)
Classification of blasts in acute leukemia blood samples using K-Nearest
Neighbour, IEEE 8th International Colloquium on Signal Processing and its
Applications, Pp. 461-465.

Suresh, M., Zhencun, J.,Zhengxin, D., Lingyang, W. and Wenping, J. (2021) Method for
Diagnosis of Acute Lymphoblastic Leukemia Based on ViT-CNN Ensemble
Model, Vol 2021, Article ID 7529893, Pp. 1-12.

Taraconat, P., Gineys, J.P., Isebe, D., Nicoud, F. and Mendez, S. (2023) Red blood cell
rheology during a complete blood count: A proof of concept, PLoS ONE, Vol. 18,
No.1, Article 1D e0280952, Pp. 1-20.

Terwilliger, T. and Abdul-Hay, M. (2017) Acute lymphoblastic leukemia : A
comprehensive review and 2017 update, Blood Cancer Journal, Vol. 7, Article ID
e577, Pp. 1-12.

Thang, V.V. and Pashchenko, F.F. (2017) Multistage System-Based Machine Learning
Techniques for Intrusion Detection in WiFi Network, Journal of Computer
Networks and Communications, VVol. 2019, Article ID 4708201, Pp. 1-13.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 215



Bibliography

Tian, X., Wu, Q., Wei, H. and Zhang, Y. (2022) Noise2SR : Learning to denoise from
super-resolved single noisy fluorescence image, Electrical Engineering and
Systems Science, Image and Video Processing, arXiv:2209.06411 [eess.IV], Pp.1-
12.

Tiwari, M., Gupta, B. and Shrivastava, M. (2015) High- speed quantile-based histogram
equalisation for brightness preservation and contrast enhancement, IET Image
Process., VVol. 9, Issue 1, Pp. 80-89.

Tosun, A.B., Kandemir, M., Sokmensuer, C. and Gunduz-Demir, C. (2009) Object-
oriented texture analysis for the unsupervised segmentation of biopsy images for
cancer detection, Pattern Recognition, Vol. 42, Pp. 1104-1112.

Tran, B., Xue, B. and Zhang, M. (2019) Genetic programming for multiple-feature
construction on high-dimensional classification, Pattern Recognition, Vol. 93, Pp.
404-417.

Tran, T., Park, JH.,, Kwon, O.H., Moon, K.S., Lee, S.H. and Kwon, K.R. (2018)
Classification of Leukemia Disease in Peripheral Blood Cell Images Using
Convolutional Neural Network, Journal of Korea Multimedia Society Vol. 21, No.
10, Pp. 1150-1161.

Tsai, C.H.D. and Yeh, C.H. (2021) Neural Network for Enhancing Microscopic
Resolution Based on Images from Scanning Electron Microscope, Sensors, Vol.
21, Issue 6, Article ID 2139, Pp. 1-17.

Tung, C.C. (1989) Piece-wise print image enhancement for dot matrix printers, US Patent
No. 4847641.

Umamaheswari, D. and Geetha, S. (2018a) Segmentation and classification of acute
lymphoblastic leukemia cells tooled with digital image processing and ML
techniques, Proc. 2nd Int. Conf. Intell. Comput. Control Syst., Pp. 1336-1341.

Umamaheswari, D. and Geetha, S. (2018b) A Framework for Efficient Recognition and
Classification of Acute Lymphoblastic Leukemia with a Novel Customized-KNN
Classifier, Journal of Computing and Information Technology, Vol. 26, Pp. 131-
140.

Umbaugh, S.E. (1998) Computer vision and image processing, Prentice Hall, NewJersey.
P. 2009.

Uniyal, P. (2022) World Blood Cancer Day 2022: Oncologist busts common myths about
blood cancer, Health, Hindustan Times, https://www.hindustantimes.com/
lifestyle/health/world-blood-cancer-day-2022-oncologist-busts-common-myths-
about-blood-cancer-101653660724518.html, Last Accessed During April, 2023.

Usama, F.M. and Keki, 1.B. (1993) Multi-Interval Discretization of Continuous-Valued
Attributes for Classification Learning, Proceedings of 13th International Joint
Conference on Atrtificial Intelligence, Pp. 1022-1027.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 216


https://www.hindustantimes.com/

Bibliography

Vaghela, H.P., Modi, H., Pandya, M. and Pandya, M. (2015) leukemia detection using
digital image processing techniques, International Journal of Applied Information
Systems, Vol. 10, No. 1, Pp. 43-51.

Vapnik, V. (1995) The Nature of Statistical Learning Theory. Springer, New York.

Vard, A., Ghane, N. and Talebi, A. (2017) Segmentation of White Blood Cells From
Microscopic Images Using a Novel Combination of K-Means Clustering and
Modified Watershed Algorithm, Journal of Medical Signals & Sensors, Vol. 7,
No.2, Pp. 92-101.

Verma, A. and Vikram, S. (2016) Lung tumor detection using watershed algorithm,
International Journal of Innovative Research in Science & Engineering, Vol. 2,
Pp. 447-458.

Vijay, M. and Bhupendra, D. (2014) Segmentation of Microscopic Images: A Survey,
Proceedings of International Conference on Electronic Systems, Signal Processing,
and Computing Technologies, Pp. 362-364.

Vogado, L.H., Veras, R.M., Araujo, F.H., Silva, R.R. and Aires, K.R. (2018) Leukemia
diagnosis in blood slides using transfer learning in CNNs and SVM for
classification. Eng. Appl. Artif. Intell., Vol. 72, Pp. 415-422.

Vohra, S.K. and Prodanov, D. (2021) The Active Segmentation Platform for Microscopic
Image Classification and Segmentation, Brain Sci., Vol. 11, Article 1D 1645,
Pp. 1-23.

Wang, H., Ma, J., Yang, Z., Du, H., Kang, X., Su, H., Gao, L. and Ze, Z. (2022)
Distributed Edge-Enhanced Imaging With a Fractional Spiral Phase Filter Using
Random Light, Frontiers in Physics, Vol. 10, Pp. 1-6.

Wang, Y., Song, B., Zhang, P., Xin, N. and Cao, G. (2017) A Fast Feature Fusion
Algorithm in Image Classification for Cyber Physical Systems, IEEE Access, P. 1.

Wang, Z., Bovik, A.C., Sheikh, H.R. and Simoncelli, E.P. (2004) Image quality
assessment: from error visibility to structural similarity, IEEE Transactions on
Image Processing, VVol. 13, No. 4, Pp. 600-612.

Wanga, X, Wong, B.S. and Guan, T.C. (2004), Image enhancement for radiography
inspection, International Conference on Experimental Mechanics, Pp 462-468.

Wanshan, L., Xiaoyue, G., Bingiang, C. and Wangpeng, H. (2022) Potential of
Overcomplete Wavelet Frame Expansion for Facilitating Electroencephalogram
Information Mining, Frontiers in Neuroscience, Vol. 15, Pp. 1-15.

Wardoyo, R., Musdholifah, A., Pradipta, A.G. and Sanjaya, I.N.H. (2020) Weighted
Majority Voting by Statistical Performance Analysis on Ensemble Multiclassifier,
Fifth International Conference on Informatics and Computing Pp. 1-8.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 217



Bibliography

Wei, A., Lidong, H., Jun, W. and Zebin, S. (2015) Entropy maximi- sation histogram
modification scheme for image enhancement, IET Image Process, 2015, Vol. 9,
Issue 3, Pp. 226-235.

Weiqging, S., Pu, H., Jing, W., Yajuan, S., Jian, Z., Zhiming, L., Dengwang, L. and
Danhua, Liu (2021) Red Blood Cell Classification Based on Attention Residual
Feature Pyramid Network, Frontiers in Medicine, Vol. 8, Article ID 741407
Pp. 1-12.

Weston, J. and Watkins. C. (1999) Multi-class support vector machines, Proceedings of
ESANN99, M. Verleysen, Ed., Brussels, Belgium.

Weyrich, N. and Warhola, G.T. (1998) Wavelet shrinkage and generalized cross validation
for image denoising, IEEE Trans Image Process, VVol.7, No.1, Pp.82-90.

Wolter, M., Blanke, F., Heese, R. and Garcke, J. (2022) Wavelet-Packets for Deepfake
Image Analysis and Detection, arXiv:2106.09369v3 [cs.CV],PP. 1-27.

Wonjun, K., Xiaojun, L., Xu, D., Xiuping, M., Yuanyuan, L. and Xiangde, Z. (2017)
Feature Extraction and Fusion Using Deep Convolutional Neural Networks for
Face Detection, Vol. 2017, Article ID, 1376726, Pp. 1-9.

Xiao, M., Wu, Y., Zuo, G., Fan, S., Yu, H., Shaikh, Z.A. and Wen, Z. (2021) Addressing
Overfitting Problem in Deep Learning-Based Solutions for Next Generation Data-
Driven Networks, Wireless Communications and Mobile Computing, Vol. 2021,
Acrticle 1D 8493795, Pp. 1-10.

Yadav, S. (2020) A Quick Overview of Contrast Enhancement and Its Variants for
Medical Image Processing, https://medium.com/@sunil7545/a-quick-overview-of-
contrast-enhancement-and-its-variants-for-medical-image-processing-
fcece3d2298a, Last Accessed During April, 2023.

Yang, L. (2011) Classifiers selection for ensemble learning based on accuracy and
diversity, Procedia Engineering, VVol. 15, Pp. 4266-4270.

Yao, M., Stevens, M.T. and Parker, M. R. (2006) Text and image quality enhancement,
US Patent No. 6987588.

Yildirirm, P., Birant, U.K. and Birant, D. (2019) EBOC: Ensemble-Based Ordinal
Classification in Transportation, Journal of Advanced Transportation, Vol. 2019,
Article ID 7482138, Pp. 1-17.

Yonezawa, S., Kawakami, T., Shimada, T. and Chida, Y. (1978) Apparatus for forming a
character out of a pattern of separate display picture elements, US Patent No.
4079367.

You, N., Han, L., Zhu, D. and Song, W. (2023) Research on Image Denoising in Edge
Detection Based on Wavelet Transform, Journal of Applied Science, Vol. 13, Issue
3, Article ID 1837, Pp. 1-13.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 218



Bibliography

Yu, Y. and Acton, S.T. (2002) Speckle Reducing Anisotropic Diffusion, IEEE
Transactions on Image Processing, Vol. 11, Pp.1260- 1270.

Zhang, Y., Burer, S. and Street, W.N. (2006) Ensemble pruning via semi-definite
Programming, Journal of Machine Learning Research, Vol. 7, Pp. 1315-1338.

Zhao, J., Zhang, M., Zhou, Z., Chu, J. and Cao, F. (2017) Automatic detection and
classification of leukocytes using convolutional neural networks, Med. Biol. Eng.
Comput., Vol. 55, No. 8, Pp. 1287-1301.

Zhao, L. and Zhu, Q. (2022) Edge detail enhancement algorithm for high-dynamic range
images, Journal of Intelligent Systems, Vol. 31, No. 1, Pp. 193-206.

Zhiming, W. and Jianhua, T. (2006) A Fast Implementation of Adaptive Histogram
Equalization, 8th International Conference on Signal Processing, Pp. 1-4.

Zhong, Z., Wang, T., Zeng, K., Zhou, X. and Li, A. (2019) White Blood Cell
Segmentation via Sparsity and Geometry Constraints, IEEE Access, Vol. 7, Pp.
167593 -167604.

Zhou, S., Chen, B., Zhang, Y., Liu, H., Xiao, Y. and Pan, X. (2020) A Feature Extraction
Method Based on Feature Fusion and its Application in the Text-Driven Failure
Diagnosis Field, International Journal of Interactive Multimedia and Artificial
Intelligence, Vol. 6, No. 4, Pp. 121-130.

Zhu, X., Liang, B., Fu, D., Huang, G., Yang, F. and Li, W. (2021) Airport small object
detection based on feature enhancement, Wiley IET Journal of Image Processing,
Pp. 1-12.

Zhu, Y., Chen, M., Wang, X., Lin, B. and Huang, H. (2023) Synthetic aperture radar
image despeckling neural network based on maximum a posteriori probability
estimation, International Journal of Remote Sensing, Vol. 44, Issue 2, Pp. 609-630.

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 219



LIST OF PUBLICATIONS

International Journals

1.

Saranya Vijayan, Dr. V Radha. (2023) “Enhanced Segmentation Algorithms for
Improving Acute Lymphocytic Leukemia Diagnosis from Blood Microscopic Images”
International Journal of Engineering Trends and Technology, Vol 71, Issue-4, pg.no
483-490, ISSN:2231-5381(Scopus Indexed).

. Saranya Vijayan, Dr. V Radha. (2023) “Classification of Acute Lymphocytic Leukemic

Blood Cell Images using Hybrid CNN-Enhanced Ensemble SVM Models and Machine
Learning Classifiers”, International Journal on Recent and Innovation Trends in
Computing and Communication, Vol 11, Issue-8, pg.no 304-314, ISSN:2321-8169
(Scopus Indexed).

.Saranya Vijayan, Dr. V Radha. (2022) “Classification of Acute Lymphoblastic

Leukemia using Machine Learning Algorithms”, International Journal of Health
Sciences, Vol 7, pg. no 5245-5257, ISSN:2550-6978.

. Saranya Vijayan, Dr. V Radha. (2021) “A Survey on Image processing techniques and

Deep learning Algorithm for Blood cell classification”, International Journal of
computer science and Information Security, Vol:19, pg. no 72-79, ISSN:1947-5500.

. Saranya Vijayan, Dr. V Radha. (2021) “Comparison of Filters and Edge Detection

Methods on Medical Images”, Turkish Online Journal of Qualitative Inquiry, Vol:12,
Issue 7, pg. no 3790-3797, ISSN n0:1309:6591.

International Conferences

1.

Saranya Vijayan, Dr. V Radha. (2022) “Pre-processing of Leukemic blood cell Images
using Deep learning Algorithms and Image processing techniques”, 3" International
Conference on Data Intelligence and Cognitive Informatics -2022” (Scopus --Taylor
and Francis group)

. Saranya Vijayan, Dr. V Radha. (2022) “Segmentation of Leukemic Blood cell Images

using Deep Learning Algorithm and Image Processing Techniques”,” International
Conference on Emerging Trends in loT and Computing Technologies-2022”
(Springer)

Acute Lymphocytic Leukemia Classification using Enhanced Machine Learning and Deep Learning Algorithms 220



¥

>

[}
i ¥

)
v/

e

15

Avinashilingam Institute for HomeScience and Higher Education for Women
(Deemed to be University Estd. u/s 3 of UGC Act 1956, Category ‘A’ by MHAD
Re-accredited with A++ Grade by NAAC. CGPA 3.65/4, Category I by UGC
Coimbatore - 641 043, Tamil Nadu, India

Appendix L2

(Item No 5 of
Check List) Details of Research

Publications
S.No Article Journal Other Details | Published in UGC-
Yol/No/Page CARE / Scopus
No/ Year Indexed/ Web of
Science

Cranud }:djmnnlﬂlw ﬁfeﬁxﬂ e Volume 1|
piﬂc—:ﬂum o \mp-‘m"’j Jowsnal "L lksue 4 éﬁUPuA/LAbm-J
Acuh tynphochic | Engracyoy Ty Apol 202>
Letaarma Diagueess Foom | Gl echalon. |7 €T APH
Cld Mo Aueargy N

Cf_mﬁ(alw;% M ,E\.-tl’e-‘-"-ﬂ’t"”‘“"l 1Ssiy

hpmphcghac Fosdkarms /]oHnQI.::J 23212161 Areopbed pn

Reeent .
Bf»-cl celd ,QM.ar}o, Ly Qsmma.%nﬁ«lﬂtjw Puﬂ&hw

}-‘ﬂlwd C;\N«-iﬂlanua‘ Corv
Cusobl S nudds asl :':A c%

*Proof of list of Journals from [ntermet to be atlached along with copies of reprints.

Scholar : W/‘K
Supervisor : _&/
o ?, >3

i L\

Checked By:

;( HouD/Dean of Respective School




T‘"EL X ['\C‘ICL"] MSLS

. Sy, \ﬁgqipn 4 IPHesFeos) Fas puﬁh}s'«\
M /.\\{k“\ LU P .f(.-“mdn 6Cwlhqt .
PSSRG, '.l.n,(‘uncz\tﬁn,-m( ‘T@Lt_'-wm\, ((T E’ﬁinee,&una Tmench o
e j"‘f'hm\{- 5 ?:'tlwuc( wt active W S prea fonom 2019
{(- l\-uk‘\.-,\‘[l‘(clﬂ e r‘SCC\ca]c\‘:\ Publiﬂbml hcw‘_ C?'.‘LI.:an_ f,,,
Vel T e g, Ab=il ap23 cnd

A+ Che 4 ('t(;@}')l:qncg ’},—910'71 |
l ﬂl L ,(-L[ :]"{uju‘)af &N Qecen(* cned Innmfcd?wn T-"tengl_g
Ln Saal ono .

\ ! \C ¢ LlfJfl - Incl_a_xgo{
En 'Q(”‘f})ulu}cj Cm& Communic o

Gﬁd a‘——l:\ve. in 'EUPI
#l Qe 21 |
20 m e t.’D FLELEAQJ)t

I deigi

27-07.23



International Journal of Engineering Trends and Technology

ISSN: 2231-5381 / https://doi.org/10.14445/22315381/1JETT-V7114P241

Volume 71 Issue 4, 483-490, April 2023
© 2023 Seventh Sense Research Group®

Original Article

Enhanced Segmentation Algorithms for Improving
Acute Lymphocytic Leukemia Diagnosis from Blood
Microscopic Images

Saranya Vijayan!, Radha Venkatachalam?

L2Avinashilingam Institute of Home Science and Higher Education for Women, Department of Computer Science,
Coimbatore, India

1Corresponding Author : saranyav101@gmail.com

Received: 10 October 2022 Revised: 30 March 2023

Accepted: 21 April 2023 Published: 25 April 2023

Abstract - The application of Digital Image Processing on medical images could greatly help doctors to identify the disease
in an early phase before it starts spreading. In this research work, the segmentation steps needed to find out the leukemic
blood cells are being discussed and elaborating some of the important segmentation steps have been carried out. The
resultant images will also be given for visual analysis. Some of the important Segmentation steps associated with the leukemic
blood cell images will be given with the results. The major aim of this research work is to detect malignant leukaemia at the
earliest so that it would improve the chances of survival of the patients. This research work has combined two enhanced
segmentation algorithms to carry out the segmentation process, and also it has been proved that it works well when compared

with the conventional segmentation algorithms.

Keywords - Segmentation, Blood cell Images, Enhanced Algorithms.

1. Introduction

Extraction of white blood cells from the microscopic
image is the most important and challenging task in
ALL(Acute Lymphoblastic Leukemia) detection and
classification. The challenges arise mainly because of the
high variations of cells in shape, size, edge, and position.
Each microscopic blood cells image has three main colors,

e Blue, which Indicates White Blood Cells (WBC)
e Red, Indicates red blood cells
e  Gray-white, Indicates the background

Leukemic blast

White blood cell

Red blood cell
Fig. 1 Sample Microscopic Blood Cell Image

Separating these three cells is vital and is performed
using image segmentation algorithms. Segmentation is
defined as a task that partitions an image into disjoint and
homogeneous regions based on some image characteristic.
The main objective here is to create stable segments less
sensitive to parameter changes.

Various types of segmentation methods are there in

Image processing. Some of those methods existing are,

e Thresholding techniques in which, it will be done by
changing the pixels of an image in order to make the
image mor easier to analyze.

o Boundary-based segmentation will be used to
determine the boundaries between the light and the dark
pixels.

e Region-based segmentation, the similarity between the
pixels will be identified based on the color, intensity
etc.

e Hybrid techniques will combine boundary and region-
based methods.

Each of the above algorithms has its own merits and
demerits, and when applied to the same image, each may
portray a different performance. No single segmentation
algorithm can be considered universal to produce stable and
accurate segmentation. In this research work, two widely
used algorithms are enhanced and combined to improve the
accuracy of the segmentation process. The two algorithms
used are the Enhanced Watershed Algorithm and the
Enhanced K-means Clustering Algorithm. An Integration of
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both enhanced algorithms was done to fetch the
Segmentation results.

2. Literature Survey

A method was investigated by Xiang Li et al. (2018)
for human blood cell classification, distinguishing white
cells and red cells. Their method made use of deep
convolutional neural networks.

A unique framework was identified by Hong Zhao et
al. (2018) for classifying the heterogeneous shapes present
in the images of blood by making use of deep convolutional
networks for classification based on convolutional
networks. Their approach has provided robust predictions to
identify certain hematological diseases.

A new method was introduced by T. Markiewicz et
al.(2018) in which they exploited features in images of
blood cells resembling geometry, texture and statistical
analysis. They have focused on the feature selection and
generation of features W.Qiang et al. (2015) have proposed
an algorithm named reinforcement learning algorithm for
blood cell detection in order to classify the four different
types of leukemia.

Khot s et al. (2013) used Support Vector Machine. They
extracted the features from the images and applied them to
the classifier.

Himali et al. (2015) have identified that when
compared with watershed transform, histogram equalizing
methods, and k means clustering, the shape-based features
are more accurate for counting leukemic cells. The accuracy
of their method was 97.8%. They used shape-based features
to detect different cells like basophils, monocytes,
eosinophils and lymphocytes. Finally, they diagnosed the
disease based on the immature cell count.

Emad A. Mohammed and Mostafa M.A. Mohammed et
al. (2017) have adopted a method for the cell segmentation
of leukaemia cells. In their research work they have used the
outs method by using an optimal threshold value. They have
also performed canny edge detection. The dilation and
erosion were also carried out, the isolated pixels were
eliminated, and they derived a segmented nucleus.

SubrajeetMohapatra, DiptiPatraandetal. (2017) have
examined a method known as color-based clustering to
segment the images of blood. They have compared the
performances of some of the standard clustering techniques.
The clustering techniques were k Means, FCM and FPCM.
They have also used contour signature and hausdroff
dimension to find the irregularities of the boundary of the
nucleus. SVM classifier has been used to derive the results.

Sonal G. Deore and Prof. Neeta Nemade et al.
(2015)have proposed a method in which they extracted the
lymphocyte cells, then extracted morphological indexes,
and then classification was done. They have identified the
single cells by enhancing the input image. The filter used
was adaptive pre-filtering. The second step of their research
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work was identifying the white cells by separating them
from other blood components. The third step was
identifying the lymphocytes associated with the other white
cells. The accuracy of their research work was 93.63%

3. Methodology

This research proposes a methodological segmentation
design that attempts to find a perfect combination of
algorithms instead of comparing the performance of various
segmentation algorithms to find an effective method. The
motivation behind this methodology is that it is possible to
obtain benefits from combining the strengths of multiple
segmenting algorithms. For this purpose, this research
applies two enhanced segmentation algorithms to build a
combined algorithm that forms final segments that is more
stable and accurate. This algorithm is termed as '‘Combined
Segmentation Algorithm for WBC Identification or
CSA_WBC/,

3.1. Steps in CSA-WBC

The CSA-WBC is designed using two synergistic
segmentation algorithms to produce an accurate grouping of
blood cells.

The first algorithm enhances the watershed algorithm,
while the second is a clustering-based algorithm.

+  Steps Involved in CSA-WBC

Input: Microscopic Image, |

Step 1: Segment the input image using the enhanced
watershed algorithm and perform region
merging

Step 2: Segment input image using enhanced clustering
algorithm and perform region merging

Step 3:  Combine segment results to produce a single set of
segments

Step 4: Identify Lymphocytes

Step 5: Use a post-processing procedure to refine the

segmented result further
Output: Three Segments

3.2. Step 1- Enhanced Watershed Algorithm

The proposed algorithm uses an amalgamation of
sequential methods to segment microscopic images. This
algorithm uses edge, color and shape information to
segment and identifies WBCs.

The EWS algorithm is designed using

Color Intensity

Otsu's Threshold Algorithm

Enhanced Watershed Segmentation Algorithm
Region Merging Algorithm

Pruning Algorithm

The proposed algorithm is termed as 'Enhanced
Watershed Segmentation Algorithm to Identify WBC or
EWS_WBC".
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Fig. 2 Methodology

Stage 1 of the Enhanced Watershed Segmentation
Algorithm is Intensity Map Generation, Binary Mask
Creation and Distance Map Creation. In the segmentation
phase, the marker regions will be identified using the
marker function, followed by watershed segmentation using
colour and shape features. Finally, the pruning of the red
blood cells will be done. In the region merging phase, the
Variance of each cluster will be estimated, and the best
matching cluster will be found using the Euclidean distance.
The final step is to assign the cluster label to the Best
matching segment.

3.3. Step 2: Enhanced K-Means Algorithm

The K-Means clustering algorithm which it will divide
an image into k clusters, and the means of the clusters will
be kept at a distance from one another. The data points in
each cluster will be related to the nearest mean, and they
will belong to one of the clusters.

Although k-means has the great advantage of being easy to
implement, it has some drawbacks. They are,

e Mandatory requirement that the number of clusters
should be known prior to clustering
Sensitive to initial centroid selection
Huge number of computations are involved during

similarity calculation
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The proposed K-Means clustering algorithm aims to
solve the above three issues of the conventional counterpart,
and the solutions have been given below

-As the microscopic image has to be divided into three
regions, background, white blood cells and red blood cells,
Kissetto 3.

-A subtractive clustering method is used to obtain a set of
optimal center points.

-A computation reduction algorithm is proposed to reduce
the number of computations, thus reducing time complexity.

The proposed K-Means algorithm is termed as 'Parameter
less Fast KMeans Clustering (PFKM) Algorithm'.

Steps in PFKM
Input: Microscopic Image M
Step 1: Assign K=3

Step 2: Estimate K initial seeds (cj)using Subtractive
Clustering Algorithm

Step 3: Repeat

a. For each pixel of an image, calculate Euclidean Distance
d, between the centre and each pixel of an image using the
equation given below
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D= [p(x.y)-cdl
b. Find the closest centre c; and assign pixels to cluster j

c. Store the label of cluster centre j along with the distance
and store them in an array Cluster [ ] and Distance [ ],
respectively

d. Set cluster[i] =j (j is the nearest cluster)

e. Set Dist [i]= Dj; (Distance between x; to the closest centre
Ci)

f. Recalculate Cluster Centres

3.4. Step 3: Combine Segment Results

g. Compute New Distance to new cluster centres

h. Calculate D with all the cluster centres assign cluster i=
cluster j,

Distance= Dnew
End if
Until Convergence

Step 4: Output clustered results

Input Microscopic Image

|
I
EWS-WBC Algorithm
|
[ 1 1

Segment Segment Segment
1 2 3

Segment Set 1 (S1)
I

PFKM Algorithm

|
| | |

Segment Segment Segment
| 2 3

Segment Set 2 (S2)

Construct Mean Segmented Image

|
I
|

Use Majority Voting to Combine S1
and S2

Final Segmented Result

Fig. 3 Combine segment result

The combining of segmentation results has been done
by using segment set 1 from EWS-WBC and segment set 2
from PFKM for the Input microscopic image. Both the
segment sets will then be combined to construct the mean
segmented image, followed by distance map creation. Then
the weight of each algorithm will be estimated, and majority
voting will be used to combine S1 and S2. The resultant
image will be the final segmented result.
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3.5. Post-Processing

To further improve the perceptibility and visuality of
the combined clustering results, morphological filtering is
applied. The following operations were performed.
Edge Enhancement
Dilation - To connect separated points in a better
manner using a 2 x 2 structuring element
Hole Filling - The internel holes were filled using the
hole-filling method.
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4. Results and Discussions
Some of the test images are shown below,

Images with Healthy Cells Images with Probable Lymphoblasts

Visual Results of Images are shown below,
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LEnhanced Input Image

Ground Truth Segmentation (GT)

Difference Between GT and WA

EWS-WBC

Difference Between GT and EWS-WBC

Difference Between GT and KM

Difference Between GT and PFKM

CSA WBC Difference Between GT and CSA WBC

5. Findings

The novelty of the proposed research work is that,

From the results, it can be seen that both enhanced
segmentation algorithms work better than their
conventional counterparts.

However, the proposed algorithm that combines the
results of the two enhancement algorithms finds white
blood cells most efficiently.

e This is proven by both quantitative and visual analysis.

6. Conclusion
In this research paper, the segmentation process has
been elaborated, and the corresponding images have been
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Abstract: Acute Lymphocytic Leukemia is a dangerous kind of malignant cancer caused due to the overproduction of white blood cells. The white
blood cells in our body are responsible for fighting against infections, if the WBC increases the immunity will decrease and it would lead to serious
health conditions. Malignant cancers such as ALL is life threatening if the disease is not diagnosed at an early stage. If a person is suffering from
ALL the disease needs to be diagnosed at an early stage before it starts spreading, if it starts spreading the person’s chances of survival would also
reduce. Here comes the need of an accurate automated system which would assist the oncologists to diagnose the disease as early as possible. In
this paper some of the algorithms that are enhanced to detect and classify ALL are incorporated. In order to classify the Acute Lymphocytic
Leukemia a hybrid model has been deployed to improve the accuracy of the diagnosis and it is termed as Hybrid CNN Enhanced Ensemble SVM
for the classification of malignancy. Machine Learning classifiers are also used to design the system and it is then compared with enhanced CNN

based on the performance metrics.

Keywords : Acute Lymphocytic Leukemia , Ensemble System, Hybrid CNN-SVM.

l. INTRODUCTION

Digital Image Processing has been proved for solving many
challenging problems in the field of medical images that
could greatly contribute in the discovery of diseases and it
would provide the physicians with valuable inputs in the
process of diagnosing the diseases without any flaws. This
paper proposes a hybrid model that uses Enhanced SVM and
CNN for the classification of Acute Lymphocytic Leukaemia
(ALL) . To identify malformations in white blood cells,
generally, a manual inspection is carried out by an expert
pathologist. Manual inspection and identification has several
drawbacks like being time-consuming, high cost as expert
pathologists are expensive and diagnosis accuracy depends
on the experience and workload of the expert. To avoid these
drawbacks, an automatic system is preferred by pathologists,
who use these systems to help them aid in the correct
identification of the disease. Moreover, automated systems
help to avoid or reduce human intervention during diagnosis
and are cost-effective.

Convolutional neural networks is one of the efficient deep
neural networks known as CNN. A CNN will extract features
automatically without any human intervention. CNNs will
eradicate the need for extracting features manually and it
removes the need to identify the features that used to classify
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images. The CNN will directly extract features from images
given as input. The features are not pretrained whereas they
are learned when the network trains the images thereby
making the automatic features extracted by deep learning
models are accurate for challenging tasks in image
processing.

Leukemia is also known as blood cancer, in which it would
result in the rapid overproduction of abnormal white blood
cells. Blood cancer occurs when the white blood cells in the
bone marrow quickly increase and will eventually end up in
destroying normal blood cells. It is considered to be the 111
top cancer type worldwide [Lin et al., 2021]. In order to
reduce death related to leukemia, it is important to treat them
at the early stage.

An automatic ALL classification (ALL-C) system consists of
four steps, namely, preprocessing, identification of white
blood cells, feature extraction and classification. [Bukhari et
al.,, 2022; Mustafa et al., 2022]. The proposed system is
designed by enhancing the working of each step of the
automated system and then combining them to further
improve the performance of the ALL-C system.

“To design an Automatic ALL Classification System
of the form
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#=DC+ EMC

where % is the output indicating the classification of ALL
using hybrid deep learning and ensemble machine learning
classifiers. The classification operation is of the form

= Ami) — g2 (mi)— g(mi)

where — denotes the sequential application of operations.
The classification output is any one of the pre-defined target
label set {Normal, L1, L2, L3} and is to be performed using
machine learning and deep learning classifiers.”

Extraction of white blood cells from microscopic image is
the most important and challenging task in ALL(Acute
Lymphoblastic Leukemia) detection and classification. The
challenges arise mainly because of the high variations of
cells in shape, size, edge, and position.

Each microscopic blood cells image has three main colors,
-Blue, which Indicates White Blood Cells (WBC)

-Red, it Indicates red blood cells

-Gray-white ,Indicates background

Separation of these three cells is vital and are performed using
image segmentation algorithms. Segmentation is defined as a
task that partitions an image into disjoint and homogeneous
regions based on some characteristic of the image. The main
objective here is to create stable segments that are less
sensitive to parameter changes.

To accomplish this problem statement, the primary research
objective was set to strengthen the clinical decision support
system by designing an automatic system that enhances the
operation of each step involved during ALL-C inorder to
increase the overall accuracy and speed of leukemia
classification.

1. LITERATURE SURVEY

Xiang li et al. (2018) have investigated a method for the
classification of blood cell, to segregate white blood cells and
red blood cells. They have used deep convolutional neural
networks.

A method was analysed by Khot s et al. (2013 ) in which they
have extracted the features from the images and had applied
it to the classifier.

Himali et al. (2015) have investigated that when compared
with watershed transform , histogram equalizing methods and
k means clustering, the shape based features were more
accurate for counting leukemic cells.
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Khot s et al. (2013 have) used Support Vector Machine. They
have extracted the features from the images and had applied
it to the classifier.

Emad A. Mohammed, Mostafa M.A. Mohammed et al.
(2017) have adopted a method for the cell segmentation of
leukemia cells. In their research work they have used otsu
method by using an optimal threshold value.They have also
performed canny edge detection.The dilation and erosion
were also carried out and the pixels that are isolated were
eliminated and they have derived a segmented nucleus.

SubrajeetMohapatra,  DiptiPatraandetal.  (2017) have
examined a method known as color based clustering for the
segmentation of the images of blood. They have done a
comparison on the performances of some of the standard
clustering techniques. The clustering techniques were k
Means, FCM and FPCM. They have also used contour
signature and hausdroff dimension for finding out the
irregularities of the boundary of the nucleus. SVM classifier
has been used to derive the results.

Sonal G. Deore Prof. Neeta Nemade et al. (2015)have
proposed a method in which they have extracted the
lymphocyte cells followed by extracting morphological
indexes and then classification was done. They have
identified the single cells by enhancing the input image.The
filter used was adaptive pre filtering. The second step of their
research work was to identify the white cells by separating it
from other components of blood. The third step was
identifying the lymphocytes associated with the other white
cells. The accuracy of their research work was 93.63%

Acute leukemia grows rapidly and becomes severe within a
short period, while chronic spreads slowly and takes longer
to reach the advanced stage. Leukemia Classification is based
on the type of white blood cells involving myeloid or
lymphoid.

Himali et al. (2015) have identified that when compared with
watershed transform , histogram equalizing methods and k
means clustering, the shape based features are more accurate
for counting leukemic cells. The accuracy of their method
was 97.8%. They made use of shape based features to detect
different cells like basophils ,monocytes, eosinophils and
lymphocytes. Finally they have diagnosed the disease based
on the immature cell count

Xiang li et al. (2018) have investigated a method for the
classification of blood cell, to segregate white blood cells and
red blood cells. They have used deep convolutional neural
networks.
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A method was analysed by Khot s et al. (2013 ) in which they
have extracted the features from the images and had applied
it to the classifier..

1. PROPOSED METHODOLOGY

The research work has implemented an AlexNet that is
pretrained for ALL detection and classification. The concept
of transfer learning to retrain the pretrained model with
respect to the existing problem was used to design the deep
neural network. The RGB images with 227*227 are given as
input. The AlexNet Model has got 5 convolutional layers with
3 max polling layers. Each of the convolutional layers have
Rectied Linear Unit (ReLU). The last 3 layers such as fully
connected layer, softmax layer and classification layer of the
pretrained AlexNet were used for Transfer Learning. In the
proposed AlexNet architecture the data will be first classified
into normal or abnormal. The feature vector size has been
reduced by using another fully connected layer with 1024
neurons was added. The layer has been fully connected binary
classification (normal, abnormal) probability using softmax
function followed by further classifying it into L1, L2 and L3
. In order to further classify it the last fully connected layer is
modified from binary classes to four classes output
probability by keeping the remaining layers the same.

Transfer learning in machine learning is retraining the pre
trained model with respect to the problem. Transfer learning
has got advantages such as it is fast as well as effective. The
parameters such as the filter size, the number of filters, and
stride for each layer are shown in Figure 1.
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Through experiments, it was evident that the CNN base
model outperforms the conventional SVM-based model in
terms of accuracy and its performance is at par with enhanced
ensemble SVM from Phase 1. However, CNN has more steps
hence the time needed to run it is longer than SVM. The CNN
models are very good at automatically learning the optimal
features. However, its performance is not always the best
during classification, as the fully connected layers use
parameters that have to be fine-tuned manually. To solve this
issue, hybrid models that combine CNN and SVM are
proposed by several researchers. These systems use CNN for
feature extraction and SVM for classification. This research
work, moving in the same path, also combines CNN and
SVM and includes procedures that can improve its
performance
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onvoution Filter size - 3x3
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The proposed hybrid system is designed to combine CNN
with ensemble SVM. The base SVM classifiers are created by
differing the kernel functions used. The kernel functions used
in the proposed system are Linear Kernel, Polynomial
Kernel, (RBF), Gaussian Kernel, exponential kernel,
Laplacian kernel, Bessel function kernel, Gaussian Radial
Basis Function, ANOVA RBF kernel, Laplace RBF and
hyperbolic or Sigmoid Kernel. Another point from Phase Il is
that not all base classifiers in the classification system help
with classification. For this purpose, the hybrid CNN-
ensemble SVM classifier is enhanced to include the selection
step described in Phase Il. Thus, Phase Il of the research
methodology proposes three systems as given below:

— Hybrid CNN-ensemble SVM classifier
—  Hybrid CNN-ensemble SVM using DCS
—  Hybrid CNN-ensemble SVM using DES
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The proposed hybrid classifiers works in two stages.

In the first stage, the AlexNet CNN extracts the deep
features and feeds them to the second stage. The second stage
then uses the ensemble SVM classifier to classify the deep
feature maps extracted from AlexNet CNNs. The hybrid
model proposed replaces the last three fully connected layers
of base model by the ensemble SVM classifier. In this stage,
dynamic selection methods, DCS and DES, are used, so that
only optimal base classifiers are used during classification.
Thus, the hybrid model is enhanced by combining CNN with
ensemble SVM with DCS/DES method. The DES method
selects five optimal classifiers during the construction of the
ensemble system.

Aggregation of results, while using ensemble with DES, is
done using a weighted ensemble of networks method. In this
method, the proposed model considers the performance of
each SVM using a weight that denotes its contribution to the
final classification. The main aim of this method is to enhance
classification system performance by using individual SVM’s
performance to the result of the respective base classifier. The
weights are estimated by first calculating the probability of
each class and then using it to calculate an evaluation score.
The main advantages of the proposed hybrid system are to
reduce the chance of overfitting, number of parameters and
the time & process complexities.

3.1 Best Base Classifier Selection Algorithm
* Input
Set of Base Classifiers (S), Classification Accuracy (A)
Output

Set of best performing classifiers (BHC) that are used to
construct SVM ensemble

e The Algorithm

Stepl : BHC={}
Step2 Arrange base classifiers in S in descending
order of its associated  accuracy
Step3 BHC = BHC + {C1} + {C.} + {Cs} + {C.}
+{Cs}

— Step4 Return BHC

»  The returned BHC has the best performing classifier
set
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3.2 Classification using Deep Learning Algorithm

The nodes will process the input and the results will be
communicated to the next layer of nodes. This process will be
repeated until it reaches an output layer. One major problem
with ML models is with the feature extraction process, which
is hand-crafted. DL models are capable of focusing on the
right features by themselves with very little or no human
intervention.

To perform early detection of ALL, Phase lll
proposes a DL classification model based on Convolutional
Neural Network (CNN or ConvNet) classifier. This model,
called as the base model in this research work, is designed
using the AlexNet CNN model based on the transfer learning
method, in which deep feature maps were extracted and
classified.

CNN will be convolved across the image in the input
data and uses convolutional layers for feature extraction. The
CNN eliminates the need for human intervention by
identifying the features by itself and classifying the images.
CNN will extract the features directly from the images. The
features are not pre-trained and they will be learned while the
network trains on a collection of images. The automatic
feature extraction makes deep learning models highly
accurate for challenging tasks in Image Processing.

One major issue with CNN is when the size of the
training dataset is small, then the issue of overfitting arises
(Xiao et al., 2021). To solve this issue, the training set size
has been increased through the use of augmentation methods.
Data Augmentation methods are implemented through the
use of image manipulation methods to increase the size of the
training set. Seven manipulation methods were used. They are
height shift, width shift, zoom, horizontal flip, vertical flip,
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rotation and shearing. By applying image manipulation
methods, the training set size was increased and normalized.

The input for the proposed base model AlexNet are
the RGB colored images with 227x227 pixel resolution. The
base model is designed with five convolutional layers along
with three max polling layers followed by Rectied Linear
Unit . Transfer learning was performed using the FCL,
softmax layer and classification layer of the pre-trained
AlexNet are used. The proposed AlexNet architecture was
fine-tuned to perform detection and classification of ALL,
where the data is first classified into normal or abnormal.

In the next step, the abnormal category is further
classified into L1, L2 and L3 subtype categories. The last
fully connected layer is modified from binary classes
(normal, abnormal) to four classes classes, while keeping the
rest of the layers the same.

Through experiments, it was evident that the CNN
base model outperform the conventional SVM-based model
in terms of accuracy and its performance is in par with
enhanced ensemble SVM from Phase Il. However, CNN has
more steps, so, the time needed to run it is longer than SVM.
The CNN models are very good at automatically learning the
optimal features. However, its performance is not always the
best during classification, as the fully connected layers use
parameters that have to be fine-tuned manually. To solve this
issue, hybrid models that combine CNN and SVM are
proposed by several researchers (Kang et al., 2018; Liu et al.,
2018). These systems use CNN for feature extraction and
SVM for classification. This research work, moving in the
same path, also combines CNN and SVM and includes
procedures that can improve its performance.

The kernel functions used in the proposed system are
Linear Kernel, Polynomial Kernel, (RBF), Gaussian Kernel,
exponential kernel, Laplacian kernel, Bessel function kernel,
Gaussian Radial Basis Function, ANOVA RBF kernel,
Laplace RBF and hyperbolic or Sigmoid Kernel.The hybrid
CNN-ensemble SVM classifier is enhanced to include the
selection step described in Phase II. Thus, Phase Il of the
research methodology proposes three systems as given
below:

1. Hybrid CNN-ensemble SVVM classifier
2. Hybrid CNN-ensemble SVM using DCS
3. Hybrid CNN-ensemble SVM using DES

All three classifiers listed above works in two stages.
In the first stage, the AlexNet CNN extracts the features and
feeds those features extracted to the second stage. The second
stage then uses the ensemble SVM classifier to classify the
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features extracted from AlexNet CNNs. The hybrid model
proposed replaces the last three fully connected layers of base
model by the ensemble SVM classifier. In this stage, dynamic
selection methods, DCS and DES, are used, so that only
optimal base classifiers are used during classification. Thus,
the hybrid model is enhanced by combining CNN with
ensemble SVM with DCS/DES method.

The DES method selects five optimal classifiers
during the construction of the ensemble system. During
aggregation of results, while using ensemble with DES, a
weighted ensemble of networks method is used. In this
method, the proposed model considers the performance of
each SVM using a weight that denotes its contribution to the
final classification. This method has been used to enhance
classification system performance by using individual SVM’s
performance to the result of the respective base classifier. The
weights are estimated by first calculating the probability of
each class and then using it to calculate an evaluation score.
The proposed hybrid system will reduce the chance of
overfitting, number of parameters and the time & process
complexities.

In order to meet the above-listed objectives, the research
methodology was designed in three phases. Each phase was
designed separately to satisfy two points. The first was to
improve the performance of the task connected to it, while the
second was to integrates these tasks together in a manner that
could increase the system’s performance of ALL
classification. The phases were integrated using a simple 1/0
(Input/Output) interface, where the output from Phase | was
used as input to Phases Il and I11. The working of each phase
along with the optimization methods used is described in the
following sections. The first phase, pre-processing, performs
two tasks, namely, enhancement and white blood cell
identification.

3.1. Noise Removal

Noise in images are visual distortions caused due
variations in brightness or color information. The noise in
microscopic images is handled by an algorithm that combines
the advantages of two frequently used transformation-based
algorithms, namely, Discrete Wavelet Transformation
(DWT) and K-Singular Value Decomposition (K-SVD).

These issues are solved, in this research work, by proposing
a unified algorithm that combines contrast adjustment
algorithm with noise removal and edge enhancement
algorithms. The contrast variations are corrected using an
adaptive histogram equalization algorithm. The distortions in
the image is removed using a hybrid DWT and K-SVD
algorithm. This algorithm beings with DWT coefficients to
obtain LL, LH, HL and HH subbands, The LL subband is then
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divided into edge and non-edge regions using its contrast
information. The edge region is enhanced using the sigmoid
function, while the noise in the non-edge regions are reduced
using K-SVD algorithm.

3.2. ROI-Extraction

The second task of preprocessing phase is the
extraction of White Blood Cells (WBC) from the enhanced
microscopic image.

The methodology behind the proposed segmentation method
involves two steps. The first step enhances the working of two
conventional algorithms, whose results are then combined to
form a final set of segments in the second step. The two
algorithms considered during the design of the proposed
algorithm are the watershed algorithm and K-means
clustering-based algorithm.

The watershed algorithm is enhanced through the
use of a set of techniques, that when applied sequentially can
produce accurate segments in a fast manner. The proposed
enhanced watershed algorithm is designed using color
intensity, Otsu’s threshold algorithm, enhanced watershed
segmentation algorithm, region merging algorithm and
pruning algorithm. The K-means clustering-based
segmentation algorithm is enhanced through the use of an
automatic technique to determine the initial seeds using a
subtractive clustering algorithm. The algorithm sets K as 3
since there are three types of blood cells in microscopic
images. The algorithm is further enhanced through the use of
a computation reduction algorithm, which can speed up the
process of clustering and thus, segmentation. The results of
the two enhanced segmentation algorithms are then combined
by first generating a mean segmentation image, using which
a distance map is constructed. Using this distance map, a
weight for each algorithm is estimated. Finally, a majority
voting algorithm is used to determine the best segment.

3.3 Steps in CSA-WBC

-The CSA-WBC is designed using two segmentation
algorithms, which are combined synergistically to produce
accurate grouping of blood cells. The first algorithm enhances
watershed algorithm, while the second is a clustering based
algorithm.

Steps Involved in CSA-WBC are,
Input : Microscopic Image, |

Step 1 : Segment input image using enhanced watershed
algorithm and perform region  merging

Step 2 : Segment input image using enhanced clustering
algorithm and perform region merging
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Step 3 : Combine segment results to produce a single set of
segments

Step 4 : Identify Lymphocytes

Step 5 : Use a post processing procedure to further refine the
segmented result

Output : Three Segments

Input : Microscopic Image M

3.4 Steps in PFKM Algorithm are,
Step 1: Assign K=3

Step 2: Estimate K initial seeds (cj)using Subtractive
Clustering Algorithm

Step 3: Repeat

a. For each pixel of an image, Calculate the Euclidean
Distance d, between the centre and each pixel of an image
using equation given below

D= |p(x.y)-Ci
b. Find the closest centre c; and assign pixels to cluster j

c. Store label of cluster centre j along with the distance and
store them in an array Cluster [ ] and Distance [ ]
respectively

d. Set cluster[i] =j (j is the nearest cluster)

e. Set Dist [i]= Dj; (Distance between x; to the closest centre
Ci)
f. Recalculate Cluster Centres

g. Compute New Distance to new cluster centres

h. Calculate D with all the cluster centre assign cluster i=
cluster j,

Distance= Drew

End if

Until Convergence

Step 4: Output clustered results

The segmented images are shown below,
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3.3 Classification using Machine Learning Algorithms

Phase Il of the research methodology uses the segmented
results to classify the identified white blood cells. The steps
involved are, feature engineering and classification. Feature
engineering consists of two tasks, namely, feature extraction
followed by selection of relevant features . In the
classification step, the feature vector obtained from feature
engineering is used to classify a cell as normal or cancerous.
If cancerous, then to classify them into their types L1, L2 and
L3.

3.4 Feature Engineering

In this research work, multiple features are extracted
from the segmented image. They are, texture features
(Energy, Entropy, Contrast, Correlation, Homogeneity),
shape features (Area, Perimeter, Eccentricity, Elongation,
Compactness, Minor Axis, Major Axis, Solidity, Form
Factor, Nucleus-Cytoplasm Ratio), color features (Mean,
Standard Deviation) and irregularity of the nucleus boundary
(Horizontal Direction, Vertical Direction). Thus, a total of 19
features are extracted.
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3.5. Classification

Ensemble systems is used to obtain a more accurate
and robust classification by considering multiple views of the
same problem. Several researchers have used this idea and
proved that multiple classifiers work better than single
classifier [Sesmero et al., 2021].

In this research work, the above-described ensemble
system is enhanced in two manners, as listed below.

(i) Usage of optimization procedure that pre-treat
the training feature set
(i) Usage of base classifier selection methods.

Dynamic Classifier Selection - It will Select one
single best classifier from the set of base classifiers generated

o Dynamic Ensemble Selection —-Among the
set of base classifiers generated a subset of best
classifier will be selected.

This research work, to further enhance the process
of classification, proposes two enhanced methods that
combine static selection and dynamic selection in order to
maximise the performance of the proposed EC system. The
proposed hybrid systems are

(i) EC system using static and dynamic classifier
selection

(i) EC system using static and dynamic ensemble
selection

The static selection is done using a pruning algorithm that
selects optimal classifiers among the base classifiers
constructed before the training step. The resultant set of
classifiers are then supplied to a dynamic ensemble or
dynamic classifier selection method, whose results are
reported as the final classification output. The methodology
used by the proposed ensemble systems is presented in Figure
1.

In this research work, a static pruning technique is
used, as a preprocessing function to reduce optimal candidate
classifiers. Static techniques work to construct a subset of
base classifiers of fixed size to improve its performance with
respect to the full ensemble, removing the rest of the
classifiers that do not meet this objective [Margineantu and
Dietterich, 1997; Zhang et al., 2006; Munoz et al., 2009]. The
reason for using a static pruning technique with the proposed
enhanced EC system is to produce a smaller-sized base
classifier set, which can produce the same advantages of the
full ensemble system with added advantages like low time
complexity.
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Figure 1 : Proposed Enhanced Ensemble Classification System

The first step selects classifiers that reduce the classification error
rate. The rate of error is the percentage of number of
classifications that are incorrect by the total number of
classifications. The classifiers are then arranged in ascending
order of their error rate and this step returns the top 30 classifiers.
Let this set be denoted as {Cs}. In the second step, the kappa
statistic pruning technique is used to select the final set of optimal
classifiers, {Css}-

The kappa statistics returns a value between zero and one, with
zero indicating poor agreement and 1 indicating perfect
agreement (Landis and Koch, 1977). The resulting set of
classifiers is denoted as Cp.

The main aim of the DES is to find a subset of base classifiers,
Co, that can classify a test sample, such that Co [ Cp and size
(Co) < size (Cp). The classification of test data can be done in
three steps.
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e Step 1 : Region of Competence ldentification. A
region surrounding the test data , is used to estimate
the base classifier.

e Step 2 : In order to determine the level of the base
classifiers Selection Criteria is used in this research
work. In this research work, the criteria used is the
classification accuracy.

e  Step 3 : Determine the selection mechanism, that is,
DES or DCS.

That is, all classifiers having the highest accuracy
are selected as the most efficient ones, suitable to maximise
the performance of the Ensemble system. The number of
classifiers selected by DCS is one, while for DES, it is set to
15. The best-performing classifier is selected using an
automated procedure that uses the accuracy as the prime
metric.

V. RESULTS AND DISCUSSIONS

Stage 3 experiments focus on the algorithms proposed in
Phase IIl of the research methodology. This stage of
experiments also used sensitivity, specificity, accuracy and
speed to evaluate the classifiers. The two proposed algorithm
CNN-EDCS-SVM and CNN-EDES-SVM were compared
with the conventional SVM, conventional CNN and
conventional hybrid CNN-SVM classifiers. Figure 4 depicts
the accuracy obtained by these classifiers.

The major benefits of the hybrid system proposed is
to reduce the chance of overfitting, number of parameters and
the time & process complexities.
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Figure 4 : Accuracy (%) of Hybrid Classifiers
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From Phase Ill experimental results, the
hybridization of classifiers have a positive impact on the
performance of ALL classification. Comparison of deep and
machine learning classifiers showed that CNN outperformed
SVM classifier. The proposed hybrid model that used CNN
as feature extractor, ensemble SVM with DES for best
classifier selection produced maximum advantage during
ALL classification. This model produced, on average, a high
accuracy of 97.31% accuracy. Thus, from the various results,
it could be concluded that the hybrid model that combined
CNN with ensemble SVM with dynamic ensemble selection
is best suited for ALL classification.

il

Ground Truth Segmentation (GT)

Difference Between GT and WA

EWS-WBC Difference Between GT and EWS-WBC
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Difference Between GT and KM

Difference Between GT and PFKM

CSA WBC

Difference Between GT and CSA_WBC

The performance of the proposed algorithms in each phase
and its cumulative effect on ALL classification was
performed using Acute Lymphoblastic Leukemia Image
Database obtained from https://homes.di.unimi.it/scotti/all

The image enhancement algorithms were analysed using four
performance metrics, such as PSNR, MSSI, FoM and speed
of enhancing a single image in seconds. The proposed unified
algorithm was compared with three conventional methods,
discrete  wavelet transformation, K-singular  value
decomposition and one existing DWT-KSVD algorithm.
From the results, it was proved that the proposed algorithm
unified enhancement algorithm outperforms in terms of all
the selected performance metrics. Figure 2 shows the PSNR
values obtained by five randomly selected test images, where
UCED indicates the proposed unified algorithm. This trend
envisaged was the same with all the images in the database.
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Figure 2 : PSNR (dB) of Enhancement Algorithms
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From the results obtained while evaluating the
segmentation algorithms, it could be seen both the enhanced
watershed and enhanced clustering-based segmentation
algorithms work better when compared with their respective
conventional counterparts. However, the proposed algorithm
that combines the results of the two enhanced algorithms
finds white blood cells in the most efficient manner.

Stage 2 experiments were used to evaluate the
machine learning classification algorithm. Four performance
metrics, namely, sensitivity, specificity, accuracy and
classification speed were used during evaluation. From Phase
Il experimental results, it could be understood that the
proposed ensemble classifiers, enhanced ensemble SVM
using dynamic classifier selection (EDCS-SVM) and
enhanced ensemble SVM using dynamic ensemble selection
(EDES-SVM), were more powerful, when compared to single
SVM (SVM) and conventional ensemble classification
systems (ESVM). Moreover, comparison between the
proposed classifiers showed that enhanced ensemble SVM
using dynamic ensemble selection is slightly more efficient
than the enhanced ensemble SVM using dynamic classifier
selection. The accuracy of the classifiers is shown in Figure
3.
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Figure 3 : Accuracy (%) of Machine Learning Classifiers
V. CONCLUSION

From Phase I11 experimental results, both ensembling of deep
learning classifier and hybridization have positive impact on
the performance of ALL detection and classification.
Comparison of deep and machine learning classifiers showed
that CNN outperformed SVM classifier. Among the ensemble
models proposed, the CNN-based ensemble model improved

IJRITCC | July 2023, Available @ http://www.ijritcc.org

ALL classification when compared with SVM-based
enhanced ensemble model (EDES-SVM). Stage 3
experiments showed that proposed hybrid model that used
CNN as feature extractor, ensemble SVM with best classifier
selection as classifier produced maximum advantage during
ALL classification. This model produced a high accuracy of
97.31% accuracy. Thus, from the various results, it could be
concluded that CNN-EESVM maodel is best suited for ALL
classification.

Machine Learning algorithms have been used in healthcare
industries as powerful analytical and diagnostic tool that can
assist physicians with maximum efficiency.

The research work was divided into three phases.
The first phase focused on preprocessing, which works on
improving the visual quality of the input microscopic images
and identification of the white blood cells. The enhancement
of microscopic images was done using a unified approach that
combined contrast adjustment, edge enhancement and
denoising into a single algorithm. The second task of Phase
I is the extraction of white blood cell regions from
microscopic images using segmentation algorithm. The
proposed segmentation algorithm merged segments produced
by watershed and enhanced K-Means-based -clustering
algorithm.

Phase Il of the research methodology proposed an
enhanced SVM based ensemble classifier. The enhancement
was achieved by using procedures that reduce the time
complexity of ensembling and also to improve its accuracy.
The proposed classifier performs classification using two
tasks, namely, feature engineering and classification. Feature
engineering first extracted four groups of features (texture,
shape, color and Irregularity of the nucleus boundary) to form
a 19 attribute feature vector. From this feature vector, optimal
features were selected using an algorithm namely MRMR
algorithm. The constructed ensemble model was enhanced
through the use of an algorithm that improved the quality of
the training data along with dynamic ensemble selection and
dynamic classifier selection algorithms. Apart from this, a
pruning algorithm that removed irrelevant base classifiers
was also proposed.
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Abstract - The application of Digital Image Processing on medical images could greatly help doctors to identify the disease
in an early phase before it starts spreading. In this research work, the segmentation steps needed to find out the leukemic
blood cells are being discussed and elaborating some of the important segmentation steps have been carried out. The
resultant images will also be given for visual analysis. Some of the important Segmentation steps associated with the leukemic
blood cell images will be given with the results. The major aim of this research work is to detect malignant leukaemia at the
earliest so that it would improve the chances of survival of the patients. This research work has combined two enhanced
segmentation algorithms to carry out the segmentation process, and also it has been proved that it works well when compared

with the conventional segmentation algorithms.

Keywords - Segmentation, Blood cell Images, Enhanced Algorithms.

1. Introduction

Extraction of white blood cells from the microscopic
image is the most important and challenging task in
ALL(Acute Lymphoblastic Leukemia) detection and
classification. The challenges arise mainly because of the
high variations of cells in shape, size, edge, and position.
Each microscopic blood cells image has three main colors,

e Blue, which Indicates White Blood Cells (WBC)
e Red, Indicates red blood cells
e  Gray-white, Indicates the background

Leukemic blast

White blood cell

Red blood cell
Fig. 1 Sample Microscopic Blood Cell Image

Separating these three cells is vital and is performed
using image segmentation algorithms. Segmentation is
defined as a task that partitions an image into disjoint and
homogeneous regions based on some image characteristic.
The main objective here is to create stable segments less
sensitive to parameter changes.

Various types of segmentation methods are there in

Image processing. Some of those methods existing are,

e Thresholding techniques in which, it will be done by
changing the pixels of an image in order to make the
image mor easier to analyze.

o Boundary-based segmentation will be used to
determine the boundaries between the light and the dark
pixels.

e Region-based segmentation, the similarity between the
pixels will be identified based on the color, intensity
etc.

e Hybrid techniques will combine boundary and region-
based methods.

Each of the above algorithms has its own merits and
demerits, and when applied to the same image, each may
portray a different performance. No single segmentation
algorithm can be considered universal to produce stable and
accurate segmentation. In this research work, two widely
used algorithms are enhanced and combined to improve the
accuracy of the segmentation process. The two algorithms
used are the Enhanced Watershed Algorithm and the
Enhanced K-means Clustering Algorithm. An Integration of
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both enhanced algorithms was done to fetch the
Segmentation results.

2. Literature Survey

A method was investigated by Xiang Li et al. (2018)
for human blood cell classification, distinguishing white
cells and red cells. Their method made use of deep
convolutional neural networks.

A unique framework was identified by Hong Zhao et
al. (2018) for classifying the heterogeneous shapes present
in the images of blood by making use of deep convolutional
networks for classification based on convolutional
networks. Their approach has provided robust predictions to
identify certain hematological diseases.

A new method was introduced by T. Markiewicz et
al.(2018) in which they exploited features in images of
blood cells resembling geometry, texture and statistical
analysis. They have focused on the feature selection and
generation of features W.Qiang et al. (2015) have proposed
an algorithm named reinforcement learning algorithm for
blood cell detection in order to classify the four different
types of leukemia.

Khot s et al. (2013) used Support Vector Machine. They
extracted the features from the images and applied them to
the classifier.

Himali et al. (2015) have identified that when
compared with watershed transform, histogram equalizing
methods, and k means clustering, the shape-based features
are more accurate for counting leukemic cells. The accuracy
of their method was 97.8%. They used shape-based features
to detect different cells like basophils, monocytes,
eosinophils and lymphocytes. Finally, they diagnosed the
disease based on the immature cell count.

Emad A. Mohammed and Mostafa M.A. Mohammed et
al. (2017) have adopted a method for the cell segmentation
of leukaemia cells. In their research work they have used the
outs method by using an optimal threshold value. They have
also performed canny edge detection. The dilation and
erosion were also carried out, the isolated pixels were
eliminated, and they derived a segmented nucleus.

SubrajeetMohapatra, DiptiPatraandetal. (2017) have
examined a method known as color-based clustering to
segment the images of blood. They have compared the
performances of some of the standard clustering techniques.
The clustering techniques were k Means, FCM and FPCM.
They have also used contour signature and hausdroff
dimension to find the irregularities of the boundary of the
nucleus. SVM classifier has been used to derive the results.

Sonal G. Deore and Prof. Neeta Nemade et al.
(2015)have proposed a method in which they extracted the
lymphocyte cells, then extracted morphological indexes,
and then classification was done. They have identified the
single cells by enhancing the input image. The filter used
was adaptive pre-filtering. The second step of their research
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work was identifying the white cells by separating them
from other blood components. The third step was
identifying the lymphocytes associated with the other white
cells. The accuracy of their research work was 93.63%

3. Methodology

This research proposes a methodological segmentation
design that attempts to find a perfect combination of
algorithms instead of comparing the performance of various
segmentation algorithms to find an effective method. The
motivation behind this methodology is that it is possible to
obtain benefits from combining the strengths of multiple
segmenting algorithms. For this purpose, this research
applies two enhanced segmentation algorithms to build a
combined algorithm that forms final segments that is more
stable and accurate. This algorithm is termed as '‘Combined
Segmentation Algorithm for WBC Identification or
CSA_WBC/,

3.1. Steps in CSA-WBC

The CSA-WBC is designed using two synergistic
segmentation algorithms to produce an accurate grouping of
blood cells.

The first algorithm enhances the watershed algorithm,
while the second is a clustering-based algorithm.

+  Steps Involved in CSA-WBC

Input: Microscopic Image, |

Step 1: Segment the input image using the enhanced
watershed algorithm and perform region
merging

Step 2: Segment input image using enhanced clustering
algorithm and perform region merging

Step 3:  Combine segment results to produce a single set of
segments

Step 4: Identify Lymphocytes

Step 5: Use a post-processing procedure to refine the

segmented result further
Output: Three Segments

3.2. Step 1- Enhanced Watershed Algorithm

The proposed algorithm uses an amalgamation of
sequential methods to segment microscopic images. This
algorithm uses edge, color and shape information to
segment and identifies WBCs.

The EWS algorithm is designed using

Color Intensity

Otsu's Threshold Algorithm

Enhanced Watershed Segmentation Algorithm
Region Merging Algorithm

Pruning Algorithm

The proposed algorithm is termed as 'Enhanced
Watershed Segmentation Algorithm to Identify WBC or
EWS_WBC".
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Fig. 2 Methodology

Stage 1 of the Enhanced Watershed Segmentation
Algorithm is Intensity Map Generation, Binary Mask
Creation and Distance Map Creation. In the segmentation
phase, the marker regions will be identified using the
marker function, followed by watershed segmentation using
colour and shape features. Finally, the pruning of the red
blood cells will be done. In the region merging phase, the
Variance of each cluster will be estimated, and the best
matching cluster will be found using the Euclidean distance.
The final step is to assign the cluster label to the Best
matching segment.

3.3. Step 2: Enhanced K-Means Algorithm

The K-Means clustering algorithm which it will divide
an image into k clusters, and the means of the clusters will
be kept at a distance from one another. The data points in
each cluster will be related to the nearest mean, and they
will belong to one of the clusters.

Although k-means has the great advantage of being easy to
implement, it has some drawbacks. They are,

e Mandatory requirement that the number of clusters
should be known prior to clustering
Sensitive to initial centroid selection
Huge number of computations are involved during

similarity calculation
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The proposed K-Means clustering algorithm aims to
solve the above three issues of the conventional counterpart,
and the solutions have been given below

-As the microscopic image has to be divided into three
regions, background, white blood cells and red blood cells,
Kissetto 3.

-A subtractive clustering method is used to obtain a set of
optimal center points.

-A computation reduction algorithm is proposed to reduce
the number of computations, thus reducing time complexity.

The proposed K-Means algorithm is termed as 'Parameter
less Fast KMeans Clustering (PFKM) Algorithm'.

Steps in PFKM
Input: Microscopic Image M
Step 1: Assign K=3

Step 2: Estimate K initial seeds (cj)using Subtractive
Clustering Algorithm

Step 3: Repeat

a. For each pixel of an image, calculate Euclidean Distance
d, between the centre and each pixel of an image using the
equation given below
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D= [p(x.y)-cdl
b. Find the closest centre c; and assign pixels to cluster j

c. Store the label of cluster centre j along with the distance
and store them in an array Cluster [ ] and Distance [ ],
respectively

d. Set cluster[i] =j (j is the nearest cluster)

e. Set Dist [i]= Dj; (Distance between x; to the closest centre
Ci)

f. Recalculate Cluster Centres

3.4. Step 3: Combine Segment Results

g. Compute New Distance to new cluster centres

h. Calculate D with all the cluster centres assign cluster i=
cluster j,

Distance= Dnew
End if
Until Convergence

Step 4: Output clustered results

Input Microscopic Image

|
I
EWS-WBC Algorithm
|
[ 1 1

Segment Segment Segment
1 2 3

Segment Set 1 (S1)
I

PFKM Algorithm

|
| | |

Segment Segment Segment
| 2 3

Segment Set 2 (S2)

Construct Mean Segmented Image

|
I
|

Use Majority Voting to Combine S1
and S2

Final Segmented Result

Fig. 3 Combine segment result

The combining of segmentation results has been done
by using segment set 1 from EWS-WBC and segment set 2
from PFKM for the Input microscopic image. Both the
segment sets will then be combined to construct the mean
segmented image, followed by distance map creation. Then
the weight of each algorithm will be estimated, and majority
voting will be used to combine S1 and S2. The resultant
image will be the final segmented result.
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3.5. Post-Processing

To further improve the perceptibility and visuality of
the combined clustering results, morphological filtering is
applied. The following operations were performed.
Edge Enhancement
Dilation - To connect separated points in a better
manner using a 2 x 2 structuring element
Hole Filling - The internel holes were filled using the
hole-filling method.
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4. Results and Discussions
Some of the test images are shown below,

Images with Healthy Cells Images with Probable Lymphoblasts

Visual Results of Images are shown below,
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LEnhanced Input Image
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5. Findings

The novelty of the proposed research work is that,

From the results, it can be seen that both enhanced
segmentation algorithms work better than their
conventional counterparts.

However, the proposed algorithm that combines the
results of the two enhancement algorithms finds white
blood cells most efficiently.

e This is proven by both quantitative and visual analysis.

6. Conclusion
In this research paper, the segmentation process has
been elaborated, and the corresponding images have been
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in carrying out the segmentation process. The results and
discussions have been given with the resultant images when
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Enhanced K-Means Algorithm. Rather than comparing
various segmentation algorithms, this research work has
used a combination of two efficient segmentation
algorithms, which have been enhanced to carry out the
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prove both quantitative and visual analysis.
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Abstract: Acute Lymphocytic Leukemia is a dangerous kind of malignant cancer caused due to the overproduction of white blood cells. The white
blood cells in our body are responsible for fighting against infections, if the WBC increases the immunity will decrease and it would lead to serious
health conditions. Malignant cancers such as ALL is life threatening if the disease is not diagnosed at an early stage. If a person is suffering from
ALL the disease needs to be diagnosed at an early stage before it starts spreading, if it starts spreading the person’s chances of survival would also
reduce. Here comes the need of an accurate automated system which would assist the oncologists to diagnose the disease as early as possible. In
this paper some of the algorithms that are enhanced to detect and classify ALL are incorporated. In order to classify the Acute Lymphocytic
Leukemia a hybrid model has been deployed to improve the accuracy of the diagnosis and it is termed as Hybrid CNN Enhanced Ensemble SVM
for the classification of malignancy. Machine Learning classifiers are also used to design the system and it is then compared with enhanced CNN

based on the performance metrics.

Keywords : Acute Lymphocytic Leukemia , Ensemble System, Hybrid CNN-SVM.

l. INTRODUCTION

Digital Image Processing has been proved for solving many
challenging problems in the field of medical images that
could greatly contribute in the discovery of diseases and it
would provide the physicians with valuable inputs in the
process of diagnosing the diseases without any flaws. This
paper proposes a hybrid model that uses Enhanced SVM and
CNN for the classification of Acute Lymphocytic Leukaemia
(ALL) . To identify malformations in white blood cells,
generally, a manual inspection is carried out by an expert
pathologist. Manual inspection and identification has several
drawbacks like being time-consuming, high cost as expert
pathologists are expensive and diagnosis accuracy depends
on the experience and workload of the expert. To avoid these
drawbacks, an automatic system is preferred by pathologists,
who use these systems to help them aid in the correct
identification of the disease. Moreover, automated systems
help to avoid or reduce human intervention during diagnosis
and are cost-effective.

Convolutional neural networks is one of the efficient deep
neural networks known as CNN. A CNN will extract features
automatically without any human intervention. CNNs will
eradicate the need for extracting features manually and it
removes the need to identify the features that used to classify

IJRITCC | July 2023, Available @ http://www.ijritcc.org

images. The CNN will directly extract features from images
given as input. The features are not pretrained whereas they
are learned when the network trains the images thereby
making the automatic features extracted by deep learning
models are accurate for challenging tasks in image
processing.

Leukemia is also known as blood cancer, in which it would
result in the rapid overproduction of abnormal white blood
cells. Blood cancer occurs when the white blood cells in the
bone marrow quickly increase and will eventually end up in
destroying normal blood cells. It is considered to be the 111
top cancer type worldwide [Lin et al., 2021]. In order to
reduce death related to leukemia, it is important to treat them
at the early stage.

An automatic ALL classification (ALL-C) system consists of
four steps, namely, preprocessing, identification of white
blood cells, feature extraction and classification. [Bukhari et
al.,, 2022; Mustafa et al., 2022]. The proposed system is
designed by enhancing the working of each step of the
automated system and then combining them to further
improve the performance of the ALL-C system.

“To design an Automatic ALL Classification System
of the form
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#=DC+ EMC

where % is the output indicating the classification of ALL
using hybrid deep learning and ensemble machine learning
classifiers. The classification operation is of the form

= Ami) — g2 (mi)— g(mi)

where — denotes the sequential application of operations.
The classification output is any one of the pre-defined target
label set {Normal, L1, L2, L3} and is to be performed using
machine learning and deep learning classifiers.”

Extraction of white blood cells from microscopic image is
the most important and challenging task in ALL(Acute
Lymphoblastic Leukemia) detection and classification. The
challenges arise mainly because of the high variations of
cells in shape, size, edge, and position.

Each microscopic blood cells image has three main colors,
-Blue, which Indicates White Blood Cells (WBC)

-Red, it Indicates red blood cells

-Gray-white ,Indicates background

Separation of these three cells is vital and are performed using
image segmentation algorithms. Segmentation is defined as a
task that partitions an image into disjoint and homogeneous
regions based on some characteristic of the image. The main
objective here is to create stable segments that are less
sensitive to parameter changes.

To accomplish this problem statement, the primary research
objective was set to strengthen the clinical decision support
system by designing an automatic system that enhances the
operation of each step involved during ALL-C inorder to
increase the overall accuracy and speed of leukemia
classification.

1. LITERATURE SURVEY

Xiang li et al. (2018) have investigated a method for the
classification of blood cell, to segregate white blood cells and
red blood cells. They have used deep convolutional neural
networks.

A method was analysed by Khot s et al. (2013 ) in which they
have extracted the features from the images and had applied
it to the classifier.

Himali et al. (2015) have investigated that when compared
with watershed transform , histogram equalizing methods and
k means clustering, the shape based features were more
accurate for counting leukemic cells.

IJRITCC | July 2023, Available @ http://www.ijritcc.org

Khot s et al. (2013 have) used Support Vector Machine. They
have extracted the features from the images and had applied
it to the classifier.

Emad A. Mohammed, Mostafa M.A. Mohammed et al.
(2017) have adopted a method for the cell segmentation of
leukemia cells. In their research work they have used otsu
method by using an optimal threshold value.They have also
performed canny edge detection.The dilation and erosion
were also carried out and the pixels that are isolated were
eliminated and they have derived a segmented nucleus.

SubrajeetMohapatra,  DiptiPatraandetal.  (2017) have
examined a method known as color based clustering for the
segmentation of the images of blood. They have done a
comparison on the performances of some of the standard
clustering techniques. The clustering techniques were k
Means, FCM and FPCM. They have also used contour
signature and hausdroff dimension for finding out the
irregularities of the boundary of the nucleus. SVM classifier
has been used to derive the results.

Sonal G. Deore Prof. Neeta Nemade et al. (2015)have
proposed a method in which they have extracted the
lymphocyte cells followed by extracting morphological
indexes and then classification was done. They have
identified the single cells by enhancing the input image.The
filter used was adaptive pre filtering. The second step of their
research work was to identify the white cells by separating it
from other components of blood. The third step was
identifying the lymphocytes associated with the other white
cells. The accuracy of their research work was 93.63%

Acute leukemia grows rapidly and becomes severe within a
short period, while chronic spreads slowly and takes longer
to reach the advanced stage. Leukemia Classification is based
on the type of white blood cells involving myeloid or
lymphoid.

Himali et al. (2015) have identified that when compared with
watershed transform , histogram equalizing methods and k
means clustering, the shape based features are more accurate
for counting leukemic cells. The accuracy of their method
was 97.8%. They made use of shape based features to detect
different cells like basophils ,monocytes, eosinophils and
lymphocytes. Finally they have diagnosed the disease based
on the immature cell count

Xiang li et al. (2018) have investigated a method for the
classification of blood cell, to segregate white blood cells and
red blood cells. They have used deep convolutional neural
networks.
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A method was analysed by Khot s et al. (2013 ) in which they
have extracted the features from the images and had applied
it to the classifier..

1. PROPOSED METHODOLOGY

The research work has implemented an AlexNet that is
pretrained for ALL detection and classification. The concept
of transfer learning to retrain the pretrained model with
respect to the existing problem was used to design the deep
neural network. The RGB images with 227*227 are given as
input. The AlexNet Model has got 5 convolutional layers with
3 max polling layers. Each of the convolutional layers have
Rectied Linear Unit (ReLU). The last 3 layers such as fully
connected layer, softmax layer and classification layer of the
pretrained AlexNet were used for Transfer Learning. In the
proposed AlexNet architecture the data will be first classified
into normal or abnormal. The feature vector size has been
reduced by using another fully connected layer with 1024
neurons was added. The layer has been fully connected binary
classification (normal, abnormal) probability using softmax
function followed by further classifying it into L1, L2 and L3
. In order to further classify it the last fully connected layer is
modified from binary classes to four classes output
probability by keeping the remaining layers the same.

Transfer learning in machine learning is retraining the pre
trained model with respect to the problem. Transfer learning
has got advantages such as it is fast as well as effective. The
parameters such as the filter size, the number of filters, and
stride for each layer are shown in Figure 1.

- ‘ Convolution §
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Through experiments, it was evident that the CNN base
model outperforms the conventional SVM-based model in
terms of accuracy and its performance is at par with enhanced
ensemble SVM from Phase 1. However, CNN has more steps
hence the time needed to run it is longer than SVM. The CNN
models are very good at automatically learning the optimal
features. However, its performance is not always the best
during classification, as the fully connected layers use
parameters that have to be fine-tuned manually. To solve this
issue, hybrid models that combine CNN and SVM are
proposed by several researchers. These systems use CNN for
feature extraction and SVM for classification. This research
work, moving in the same path, also combines CNN and
SVM and includes procedures that can improve its
performance

Convolution 5
Image Size=13x 13
Convolution

Convolution 3 & 4 . .
onvoution Filter size - 3x3
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ROI B onvolutio Convolution No. of filters - 236
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The proposed hybrid system is designed to combine CNN
with ensemble SVM. The base SVM classifiers are created by
differing the kernel functions used. The kernel functions used
in the proposed system are Linear Kernel, Polynomial
Kernel, (RBF), Gaussian Kernel, exponential kernel,
Laplacian kernel, Bessel function kernel, Gaussian Radial
Basis Function, ANOVA RBF kernel, Laplace RBF and
hyperbolic or Sigmoid Kernel. Another point from Phase Il is
that not all base classifiers in the classification system help
with classification. For this purpose, the hybrid CNN-
ensemble SVM classifier is enhanced to include the selection
step described in Phase Il. Thus, Phase Il of the research
methodology proposes three systems as given below:

— Hybrid CNN-ensemble SVM classifier
—  Hybrid CNN-ensemble SVM using DCS
—  Hybrid CNN-ensemble SVM using DES
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The proposed hybrid classifiers works in two stages.

In the first stage, the AlexNet CNN extracts the deep
features and feeds them to the second stage. The second stage
then uses the ensemble SVM classifier to classify the deep
feature maps extracted from AlexNet CNNs. The hybrid
model proposed replaces the last three fully connected layers
of base model by the ensemble SVM classifier. In this stage,
dynamic selection methods, DCS and DES, are used, so that
only optimal base classifiers are used during classification.
Thus, the hybrid model is enhanced by combining CNN with
ensemble SVM with DCS/DES method. The DES method
selects five optimal classifiers during the construction of the
ensemble system.

Aggregation of results, while using ensemble with DES, is
done using a weighted ensemble of networks method. In this
method, the proposed model considers the performance of
each SVM using a weight that denotes its contribution to the
final classification. The main aim of this method is to enhance
classification system performance by using individual SVM’s
performance to the result of the respective base classifier. The
weights are estimated by first calculating the probability of
each class and then using it to calculate an evaluation score.
The main advantages of the proposed hybrid system are to
reduce the chance of overfitting, number of parameters and
the time & process complexities.

3.1 Best Base Classifier Selection Algorithm
* Input
Set of Base Classifiers (S), Classification Accuracy (A)
Output

Set of best performing classifiers (BHC) that are used to
construct SVM ensemble

e The Algorithm

Stepl : BHC={}
Step2 Arrange base classifiers in S in descending
order of its associated  accuracy
Step3 BHC = BHC + {C1} + {C.} + {Cs} + {C.}
+{Cs}

— Step4 Return BHC

»  The returned BHC has the best performing classifier
set
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3.2 Classification using Deep Learning Algorithm

The nodes will process the input and the results will be
communicated to the next layer of nodes. This process will be
repeated until it reaches an output layer. One major problem
with ML models is with the feature extraction process, which
is hand-crafted. DL models are capable of focusing on the
right features by themselves with very little or no human
intervention.

To perform early detection of ALL, Phase lll
proposes a DL classification model based on Convolutional
Neural Network (CNN or ConvNet) classifier. This model,
called as the base model in this research work, is designed
using the AlexNet CNN model based on the transfer learning
method, in which deep feature maps were extracted and
classified.

CNN will be convolved across the image in the input
data and uses convolutional layers for feature extraction. The
CNN eliminates the need for human intervention by
identifying the features by itself and classifying the images.
CNN will extract the features directly from the images. The
features are not pre-trained and they will be learned while the
network trains on a collection of images. The automatic
feature extraction makes deep learning models highly
accurate for challenging tasks in Image Processing.

One major issue with CNN is when the size of the
training dataset is small, then the issue of overfitting arises
(Xiao et al., 2021). To solve this issue, the training set size
has been increased through the use of augmentation methods.
Data Augmentation methods are implemented through the
use of image manipulation methods to increase the size of the
training set. Seven manipulation methods were used. They are
height shift, width shift, zoom, horizontal flip, vertical flip,

307


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 8s
DOI: https://doi.org/10.17762/ijritcc.v11i8s.7210

Article Received: 28 April 2023 Revised: 16 June 2023 Accepted: 30 June 2023

rotation and shearing. By applying image manipulation
methods, the training set size was increased and normalized.

The input for the proposed base model AlexNet are
the RGB colored images with 227x227 pixel resolution. The
base model is designed with five convolutional layers along
with three max polling layers followed by Rectied Linear
Unit . Transfer learning was performed using the FCL,
softmax layer and classification layer of the pre-trained
AlexNet are used. The proposed AlexNet architecture was
fine-tuned to perform detection and classification of ALL,
where the data is first classified into normal or abnormal.

In the next step, the abnormal category is further
classified into L1, L2 and L3 subtype categories. The last
fully connected layer is modified from binary classes
(normal, abnormal) to four classes classes, while keeping the
rest of the layers the same.

Through experiments, it was evident that the CNN
base model outperform the conventional SVM-based model
in terms of accuracy and its performance is in par with
enhanced ensemble SVM from Phase Il. However, CNN has
more steps, so, the time needed to run it is longer than SVM.
The CNN models are very good at automatically learning the
optimal features. However, its performance is not always the
best during classification, as the fully connected layers use
parameters that have to be fine-tuned manually. To solve this
issue, hybrid models that combine CNN and SVM are
proposed by several researchers (Kang et al., 2018; Liu et al.,
2018). These systems use CNN for feature extraction and
SVM for classification. This research work, moving in the
same path, also combines CNN and SVM and includes
procedures that can improve its performance.

The kernel functions used in the proposed system are
Linear Kernel, Polynomial Kernel, (RBF), Gaussian Kernel,
exponential kernel, Laplacian kernel, Bessel function kernel,
Gaussian Radial Basis Function, ANOVA RBF kernel,
Laplace RBF and hyperbolic or Sigmoid Kernel.The hybrid
CNN-ensemble SVM classifier is enhanced to include the
selection step described in Phase II. Thus, Phase Il of the
research methodology proposes three systems as given
below:

1. Hybrid CNN-ensemble SVVM classifier
2. Hybrid CNN-ensemble SVM using DCS
3. Hybrid CNN-ensemble SVM using DES

All three classifiers listed above works in two stages.
In the first stage, the AlexNet CNN extracts the features and
feeds those features extracted to the second stage. The second
stage then uses the ensemble SVM classifier to classify the
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features extracted from AlexNet CNNs. The hybrid model
proposed replaces the last three fully connected layers of base
model by the ensemble SVM classifier. In this stage, dynamic
selection methods, DCS and DES, are used, so that only
optimal base classifiers are used during classification. Thus,
the hybrid model is enhanced by combining CNN with
ensemble SVM with DCS/DES method.

The DES method selects five optimal classifiers
during the construction of the ensemble system. During
aggregation of results, while using ensemble with DES, a
weighted ensemble of networks method is used. In this
method, the proposed model considers the performance of
each SVM using a weight that denotes its contribution to the
final classification. This method has been used to enhance
classification system performance by using individual SVM’s
performance to the result of the respective base classifier. The
weights are estimated by first calculating the probability of
each class and then using it to calculate an evaluation score.
The proposed hybrid system will reduce the chance of
overfitting, number of parameters and the time & process
complexities.

In order to meet the above-listed objectives, the research
methodology was designed in three phases. Each phase was
designed separately to satisfy two points. The first was to
improve the performance of the task connected to it, while the
second was to integrates these tasks together in a manner that
could increase the system’s performance of ALL
classification. The phases were integrated using a simple 1/0
(Input/Output) interface, where the output from Phase | was
used as input to Phases Il and I11. The working of each phase
along with the optimization methods used is described in the
following sections. The first phase, pre-processing, performs
two tasks, namely, enhancement and white blood cell
identification.

3.1. Noise Removal

Noise in images are visual distortions caused due
variations in brightness or color information. The noise in
microscopic images is handled by an algorithm that combines
the advantages of two frequently used transformation-based
algorithms, namely, Discrete Wavelet Transformation
(DWT) and K-Singular Value Decomposition (K-SVD).

These issues are solved, in this research work, by proposing
a unified algorithm that combines contrast adjustment
algorithm with noise removal and edge enhancement
algorithms. The contrast variations are corrected using an
adaptive histogram equalization algorithm. The distortions in
the image is removed using a hybrid DWT and K-SVD
algorithm. This algorithm beings with DWT coefficients to
obtain LL, LH, HL and HH subbands, The LL subband is then
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divided into edge and non-edge regions using its contrast
information. The edge region is enhanced using the sigmoid
function, while the noise in the non-edge regions are reduced
using K-SVD algorithm.

3.2. ROI-Extraction

The second task of preprocessing phase is the
extraction of White Blood Cells (WBC) from the enhanced
microscopic image.

The methodology behind the proposed segmentation method
involves two steps. The first step enhances the working of two
conventional algorithms, whose results are then combined to
form a final set of segments in the second step. The two
algorithms considered during the design of the proposed
algorithm are the watershed algorithm and K-means
clustering-based algorithm.

The watershed algorithm is enhanced through the
use of a set of techniques, that when applied sequentially can
produce accurate segments in a fast manner. The proposed
enhanced watershed algorithm is designed using color
intensity, Otsu’s threshold algorithm, enhanced watershed
segmentation algorithm, region merging algorithm and
pruning algorithm. The K-means clustering-based
segmentation algorithm is enhanced through the use of an
automatic technique to determine the initial seeds using a
subtractive clustering algorithm. The algorithm sets K as 3
since there are three types of blood cells in microscopic
images. The algorithm is further enhanced through the use of
a computation reduction algorithm, which can speed up the
process of clustering and thus, segmentation. The results of
the two enhanced segmentation algorithms are then combined
by first generating a mean segmentation image, using which
a distance map is constructed. Using this distance map, a
weight for each algorithm is estimated. Finally, a majority
voting algorithm is used to determine the best segment.

3.3 Steps in CSA-WBC

-The CSA-WBC is designed using two segmentation
algorithms, which are combined synergistically to produce
accurate grouping of blood cells. The first algorithm enhances
watershed algorithm, while the second is a clustering based
algorithm.

Steps Involved in CSA-WBC are,
Input : Microscopic Image, |

Step 1 : Segment input image using enhanced watershed
algorithm and perform region  merging

Step 2 : Segment input image using enhanced clustering
algorithm and perform region merging

IJRITCC | July 2023, Available @ http://www.ijritcc.org

Step 3 : Combine segment results to produce a single set of
segments

Step 4 : Identify Lymphocytes

Step 5 : Use a post processing procedure to further refine the
segmented result

Output : Three Segments

Input : Microscopic Image M

3.4 Steps in PFKM Algorithm are,
Step 1: Assign K=3

Step 2: Estimate K initial seeds (cj)using Subtractive
Clustering Algorithm

Step 3: Repeat

a. For each pixel of an image, Calculate the Euclidean
Distance d, between the centre and each pixel of an image
using equation given below

D= |p(x.y)-Ci
b. Find the closest centre c; and assign pixels to cluster j

c. Store label of cluster centre j along with the distance and
store them in an array Cluster [ ] and Distance [ ]
respectively

d. Set cluster[i] =j (j is the nearest cluster)

e. Set Dist [i]= Dj; (Distance between x; to the closest centre
Ci)
f. Recalculate Cluster Centres

g. Compute New Distance to new cluster centres

h. Calculate D with all the cluster centre assign cluster i=
cluster j,

Distance= Drew

End if

Until Convergence

Step 4: Output clustered results

The segmented images are shown below,
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3.3 Classification using Machine Learning Algorithms

Phase Il of the research methodology uses the segmented
results to classify the identified white blood cells. The steps
involved are, feature engineering and classification. Feature
engineering consists of two tasks, namely, feature extraction
followed by selection of relevant features . In the
classification step, the feature vector obtained from feature
engineering is used to classify a cell as normal or cancerous.
If cancerous, then to classify them into their types L1, L2 and
L3.

3.4 Feature Engineering

In this research work, multiple features are extracted
from the segmented image. They are, texture features
(Energy, Entropy, Contrast, Correlation, Homogeneity),
shape features (Area, Perimeter, Eccentricity, Elongation,
Compactness, Minor Axis, Major Axis, Solidity, Form
Factor, Nucleus-Cytoplasm Ratio), color features (Mean,
Standard Deviation) and irregularity of the nucleus boundary
(Horizontal Direction, Vertical Direction). Thus, a total of 19
features are extracted.

IJRITCC | July 2023, Available @ http://www.ijritcc.org

3.5. Classification

Ensemble systems is used to obtain a more accurate
and robust classification by considering multiple views of the
same problem. Several researchers have used this idea and
proved that multiple classifiers work better than single
classifier [Sesmero et al., 2021].

In this research work, the above-described ensemble
system is enhanced in two manners, as listed below.

(i) Usage of optimization procedure that pre-treat
the training feature set
(i) Usage of base classifier selection methods.

Dynamic Classifier Selection - It will Select one
single best classifier from the set of base classifiers generated

o Dynamic Ensemble Selection —-Among the
set of base classifiers generated a subset of best
classifier will be selected.

This research work, to further enhance the process
of classification, proposes two enhanced methods that
combine static selection and dynamic selection in order to
maximise the performance of the proposed EC system. The
proposed hybrid systems are

(i) EC system using static and dynamic classifier
selection

(i) EC system using static and dynamic ensemble
selection

The static selection is done using a pruning algorithm that
selects optimal classifiers among the base classifiers
constructed before the training step. The resultant set of
classifiers are then supplied to a dynamic ensemble or
dynamic classifier selection method, whose results are
reported as the final classification output. The methodology
used by the proposed ensemble systems is presented in Figure
1.

In this research work, a static pruning technique is
used, as a preprocessing function to reduce optimal candidate
classifiers. Static techniques work to construct a subset of
base classifiers of fixed size to improve its performance with
respect to the full ensemble, removing the rest of the
classifiers that do not meet this objective [Margineantu and
Dietterich, 1997; Zhang et al., 2006; Munoz et al., 2009]. The
reason for using a static pruning technique with the proposed
enhanced EC system is to produce a smaller-sized base
classifier set, which can produce the same advantages of the
full ensemble system with added advantages like low time
complexity.
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Figure 1 : Proposed Enhanced Ensemble Classification System

The first step selects classifiers that reduce the classification error
rate. The rate of error is the percentage of number of
classifications that are incorrect by the total number of
classifications. The classifiers are then arranged in ascending
order of their error rate and this step returns the top 30 classifiers.
Let this set be denoted as {Cs}. In the second step, the kappa
statistic pruning technique is used to select the final set of optimal
classifiers, {Css}-

The kappa statistics returns a value between zero and one, with
zero indicating poor agreement and 1 indicating perfect
agreement (Landis and Koch, 1977). The resulting set of
classifiers is denoted as Cp.

The main aim of the DES is to find a subset of base classifiers,
Co, that can classify a test sample, such that Co [ Cp and size
(Co) < size (Cp). The classification of test data can be done in
three steps.
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e Step 1 : Region of Competence ldentification. A
region surrounding the test data , is used to estimate
the base classifier.

e Step 2 : In order to determine the level of the base
classifiers Selection Criteria is used in this research
work. In this research work, the criteria used is the
classification accuracy.

e  Step 3 : Determine the selection mechanism, that is,
DES or DCS.

That is, all classifiers having the highest accuracy
are selected as the most efficient ones, suitable to maximise
the performance of the Ensemble system. The number of
classifiers selected by DCS is one, while for DES, it is set to
15. The best-performing classifier is selected using an
automated procedure that uses the accuracy as the prime
metric.

V. RESULTS AND DISCUSSIONS

Stage 3 experiments focus on the algorithms proposed in
Phase IIl of the research methodology. This stage of
experiments also used sensitivity, specificity, accuracy and
speed to evaluate the classifiers. The two proposed algorithm
CNN-EDCS-SVM and CNN-EDES-SVM were compared
with the conventional SVM, conventional CNN and
conventional hybrid CNN-SVM classifiers. Figure 4 depicts
the accuracy obtained by these classifiers.

The major benefits of the hybrid system proposed is
to reduce the chance of overfitting, number of parameters and
the time & process complexities.

99.00
98.00 p
97.00 - - -

__96.00

95.00 -

94.00

93.00

92.00

91.00

90.00

89.00 z

Accuracy (%

B Normal mL1 L2 L3

Figure 4 : Accuracy (%) of Hybrid Classifiers
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From Phase Ill experimental results, the
hybridization of classifiers have a positive impact on the
performance of ALL classification. Comparison of deep and
machine learning classifiers showed that CNN outperformed
SVM classifier. The proposed hybrid model that used CNN
as feature extractor, ensemble SVM with DES for best
classifier selection produced maximum advantage during
ALL classification. This model produced, on average, a high
accuracy of 97.31% accuracy. Thus, from the various results,
it could be concluded that the hybrid model that combined
CNN with ensemble SVM with dynamic ensemble selection
is best suited for ALL classification.

il

Ground Truth Segmentation (GT)

Difference Between GT and WA

EWS-WBC Difference Between GT and EWS-WBC
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Difference Between GT and KM

Difference Between GT and PFKM

CSA WBC

Difference Between GT and CSA_WBC

The performance of the proposed algorithms in each phase
and its cumulative effect on ALL classification was
performed using Acute Lymphoblastic Leukemia Image
Database obtained from https://homes.di.unimi.it/scotti/all

The image enhancement algorithms were analysed using four
performance metrics, such as PSNR, MSSI, FoM and speed
of enhancing a single image in seconds. The proposed unified
algorithm was compared with three conventional methods,
discrete  wavelet transformation, K-singular  value
decomposition and one existing DWT-KSVD algorithm.
From the results, it was proved that the proposed algorithm
unified enhancement algorithm outperforms in terms of all
the selected performance metrics. Figure 2 shows the PSNR
values obtained by five randomly selected test images, where
UCED indicates the proposed unified algorithm. This trend
envisaged was the same with all the images in the database.

45.00
40.00 = -
35.00 [ s |8 |a 3 0
30.00
25.00
20.00
15.00
10.00

5.00

0.00
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A B C D E F
Test Images
DWT K-SVvD DWT+KSVD UCED

Figure 2 : PSNR (dB) of Enhancement Algorithms
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From the results obtained while evaluating the
segmentation algorithms, it could be seen both the enhanced
watershed and enhanced clustering-based segmentation
algorithms work better when compared with their respective
conventional counterparts. However, the proposed algorithm
that combines the results of the two enhanced algorithms
finds white blood cells in the most efficient manner.

Stage 2 experiments were used to evaluate the
machine learning classification algorithm. Four performance
metrics, namely, sensitivity, specificity, accuracy and
classification speed were used during evaluation. From Phase
Il experimental results, it could be understood that the
proposed ensemble classifiers, enhanced ensemble SVM
using dynamic classifier selection (EDCS-SVM) and
enhanced ensemble SVM using dynamic ensemble selection
(EDES-SVM), were more powerful, when compared to single
SVM (SVM) and conventional ensemble classification
systems (ESVM). Moreover, comparison between the
proposed classifiers showed that enhanced ensemble SVM
using dynamic ensemble selection is slightly more efficient
than the enhanced ensemble SVM using dynamic classifier
selection. The accuracy of the classifiers is shown in Figure
3.
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Figure 3 : Accuracy (%) of Machine Learning Classifiers
V. CONCLUSION

From Phase I11 experimental results, both ensembling of deep
learning classifier and hybridization have positive impact on
the performance of ALL detection and classification.
Comparison of deep and machine learning classifiers showed
that CNN outperformed SVM classifier. Among the ensemble
models proposed, the CNN-based ensemble model improved
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ALL classification when compared with SVM-based
enhanced ensemble model (EDES-SVM). Stage 3
experiments showed that proposed hybrid model that used
CNN as feature extractor, ensemble SVM with best classifier
selection as classifier produced maximum advantage during
ALL classification. This model produced a high accuracy of
97.31% accuracy. Thus, from the various results, it could be
concluded that CNN-EESVM maodel is best suited for ALL
classification.

Machine Learning algorithms have been used in healthcare
industries as powerful analytical and diagnostic tool that can
assist physicians with maximum efficiency.

The research work was divided into three phases.
The first phase focused on preprocessing, which works on
improving the visual quality of the input microscopic images
and identification of the white blood cells. The enhancement
of microscopic images was done using a unified approach that
combined contrast adjustment, edge enhancement and
denoising into a single algorithm. The second task of Phase
I is the extraction of white blood cell regions from
microscopic images using segmentation algorithm. The
proposed segmentation algorithm merged segments produced
by watershed and enhanced K-Means-based -clustering
algorithm.

Phase Il of the research methodology proposed an
enhanced SVM based ensemble classifier. The enhancement
was achieved by using procedures that reduce the time
complexity of ensembling and also to improve its accuracy.
The proposed classifier performs classification using two
tasks, namely, feature engineering and classification. Feature
engineering first extracted four groups of features (texture,
shape, color and Irregularity of the nucleus boundary) to form
a 19 attribute feature vector. From this feature vector, optimal
features were selected using an algorithm namely MRMR
algorithm. The constructed ensemble model was enhanced
through the use of an algorithm that improved the quality of
the training data along with dynamic ensemble selection and
dynamic classifier selection algorithms. Apart from this, a
pruning algorithm that removed irrelevant base classifiers
was also proposed.
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ABSTRACT

Disease misdiagnosis is a major challenge faced during blood cancer detection
in early stages. The use of image processing and machine learning algorithms have been
of tremendous use to detect leukemia in its carly stage. This rescarch work uses

microscopic images to design enhanced ¢

ation systems that can aid in

minimizing the rate of misdiagnosis and act a

tool to assist the physicians during
Acute Lymphocytic Leukemia (ALL) detection and classification. This goal was
achieved by enhancing the various steps, namely, image enhancement, white blood cell

detection and classification, involved during acute lymphocytic leukemia detection.

‘The algorithms in the proposed research work were grouped into three research

phases. The first phase focused on which performed imagy
and segmentation to detect white blood cells. A unified approach that combined three
enhancement tasks, namely, contrast enhancement, noise removal and edge
enhancement was proposed. Contrast enhancement was performed using CLAHE. The
noise in microscopic images was removed using hybrid DWT and K-SVD algorithm.

The edges were improved using sigmoid function. The identification of white blood

cells was done using a segmentation algorithm. The segmentation algorithm that was
proposed combined an improved K-Means  clustering-based algorithm with an
improved watershed algorithm. The results of these two algorithms were merged and

used during classification.

‘The second and third phases of the research methodology focused on improving

the classification system of ALL classification system. The second phase proposed an

enhanced SVM-based ensemble classification system. This system used multiple
features (texture, shape. color and irregularity of the nucleus boundary) to form a

feature vector having 19 feature sets. Optimal features from this set is obtained using a
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