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Blood cell classification based on spectral-spatial information in medical hyperspectral image
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Abstract: Objective To propose a novel blood cell classification framework based on spectral-spatial information extracted from
medical hyperspectral image for performing blood cell classification and counting and improving classification accuracy and
identification of abnormal cells with the unique features of hyperspectral image. Methods The hyperspectral images of blood
cells were obtained with a microscope and a hyperspectral camera to make sure the data had high spatial and spectral resolution.
Dozens of successive narrow wavelength bands were included in the hyperspectral data, which showed the detailed spectral
information about different substances. For blood cell classification, band selection was firstly applied to preserve the most
informative bands, in which the useful spatial information was represented with Gabor filter. And then, several state-of-the-art
pixel-based classifiers, such as sparse representation-based classification, support vector machine, and kernal-based extreme
learning machine, were used to verify the extracted spectral-spatial features. Results The proposed classification framework fully
utilizd the spatial information surrounding locations where pixels tend to be the same class, and the performance of the proposed
classification framework for blood cell classification and counting was validated with medical hyperspectral data. Conclusion

Even when the number of training samples varies, the proposed framework can achieve a significantly higher classification

accuracy than these conventional pixel-wise solely with spectral information classifiers.
Keywords: medical hyperspectral imaging; blood-cell classification; Gabor filter; sparse representation
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Fig.1 Schematic diagram of microscopic

hyperspectral imaging system
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Fig.3 Overall flowchart of the proposed classification framework
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Class SRC BS+Gabor+SRC SVM BS+Gabor+SVM KELM BS+Gabor+KELM
1 87.56 89.33 87.33 91.11 87.13 90.85
2 80.89 94.22 83.33 92.56 84.46 93.45
3 75.44 81.00 81.00 85.78 83.14 86.10
OA 81.89 BIESY 85.15 88.56 86.15 88.89




55918 AR, 55 T BRAE RS AR B 2 [R5 S 40 26 - 919 -

(5% 30Hik]

[1] ZHANGY, BAI J, WU H, et al. Trapping cells in paper for white
blood cell count[ J]. Biosens Bioelectron, 2015, 69: 121-127.

[2] YI F, MOON 1, LEE Y H. Three-dimensional counting of
morphologically normal human red blood cells via digital holographic
microscopy|J]. J Biomed Opt, 2015, 20(1): 16005.

[3] LU G, FEI B. Medical hyperspectral imaging: a review[J]. J Biomed
Opt, 2014, 19(1): 10901.

[4] ODAGIRI K, UEHARAA, MIZUTA |, et al. Longitudinal study on
white blood cell count and the incidence of metabolic syndrome[J].
Intern Med, 2011, 50(21): 2491-2498.

[5] WU J, ZHENG G, LEE L M. Optical imaging techniques in
microfluidics and their applications[J . Lab Chip, 2012, 12(19): 3566-
3575.

[6] WANG K, COMETTI B, PAPPAS D. Isolation and counting of
multiple cell types using an affinity separation device [J]. Anal
Chim Acta, 2007, 601(1):1-9.

[7] YUNH, BANG H, MIN J, et al. Simultaneous counting of two subsets
of leukocytes using fluorescent silica nanoparticles in a sheathless
microchip flow cytometer[J]. Lab Chip, 2010, 10(23): 3243-3254.

[8] CALINMA, COMAN T, PARASCASV, et al. Hyperspectral imaging-
based wound analysis using mixture-tuned matched filtering
classification method[J]. J Biomed Opt, 2015, 20(4): 46004.

[9] LI Q L, XUE Y Q, XIAO G H, et al. Study on microscope
hyperspectral medical imaging method for biomedical quantitative
analysis[J]. Sci Bull, 2008, 53(9): 1431-1434.

[10] ZHI L, ZHANG D, YAN J Q, et al. Classification of hyperspectral
medical tongue images for tongue diagnosis [J]. Comput
Med Imaging Graph, 2007, 31(8): 672-678.

[11] LI Q, LIU Z. Tongue color analysis and discrimination based on
hyperspectral images [J]. Comput Med Imaging Graph, 2009, 33(3):
217-221.

[12] LIU Z, WANG H, LI Q. Tongue tumor detection in medical
hyperspectral images[ J]. Sensors, 2012, 12(1): 162-174.

[13] AKBARI H, KOSUGI Y, KOJIMA K, et al. Detection and analysis of
the intestinal ischemia using visible and invisible hyperspectral
imaging[J]. IEEE Trans Biomed Eng, 2010, 57(8): 2011-2017.

[14] AKBARI H, UTO K, KOSUGI Y, et al. Cancer detection using infrared
hyperspectral imaging[ J]. Cancer Sci, 2011, 102(4): 852-857.

[15] CANCIO L C, BATCHINSKY A I, MANSFIELD J R, et al.
Hyperspectral imaging: a new approach to the diagnosis of
hemorrhagic shock[J]. J Trauma, 2006, 60(5): 1087-1095.

[16] CARRASCO O, GOMEZ R B, ROPER W E. Hyperspectral imaging
applied to medical diagnoses and food safety[J]. Proc Spie, 2003,
5097: 215-221.

[17] KONG S G, DU Z, MARTIN M, et al. Hyperspectral fluorescence
image analysis for use in medical diagnostics[J]. Proc Spie, 2005,
5692: 21-28.

[18] MASOOD K, RAJPOOT N, RAJPOOT K, et al. Hyperspectral colon
tissue classification using morphological analysis| C J//International
Conference on Emerging Technologies. IEEE Xplore, 2006: 735-741.

[19] DU Q, YANG H. Similarity-based unsupervised band selection for
hyperspectral image analysis[J]. IEEE Trans Geosci Remote Sens,

2008, 5(4): 564-568.

[20] DAUGMAN J G. Uncertainty relation for resolution in space, spatial
frequency, and orientation optimized by two-dimensional visual
cortical filters.[J]. J Opt Soc Am A, 1985, 2(7):1160-1169.

[21] WRIGHT J, YANG A Y, GANESH A, et al. robust face Recognition
via sparse representation[J]. IEEE Trans Pattern Anal Mach Intell,
2009, 31(2): 210-227.

[22] IORDACHE M D, BIOUCAS-DIAS J M, PLAZA A. Sparse unmixing
of hyperspectral data[ J]. IEEE Trans Geosci Remote Sens, 2011, 49
(6): 2014-2039.

[23] CORTES C, VAPNIK V. Support-vector networks[J ]. Mach Learn,
1995, 20(3): 273-297.

[24] HSU C W, LIN C J. A comparison of methods for multiclass support
vector machines[J] IEEE Trans Neural Netw, 2002, 13(2): 415-425.

[25] HUANG G B, ZHU QYY, SIEW C K. Extreme learning machine: theory
and applications[ J]. Neurocomputing, 2006, 70(1-3): 489-501.

[26] ZUZAK K J, SCHAEBERLE M D, LEWIS E N, et al. Visible
reflectance hyperspectral imaging: characterization of a noninvasive,
in vivo system for determining tissue perfusion[J]. Anal Chem, 2002,
74(9): 2021-2028.

[27] RANDEBERG L L, KASPERSEN P. Hyperspectral imaging of bruised
skin[C . Proc SPIE Int Soc Opt Eng, 2006: 6078.

[28] GUPTA A, ESPINOSA V, GALUSHA L E, et al. Expression and
targeting of lymphocyte function-associated antigen 1 (LFA-1) on
white blood cells for treatment of allergic asthmalJ]. J Leukoc Biol,
2014, 97(3): 439-446.

[29] VILLA A, BENEDIKTSSON J A, CHANUSSOT J, et al.
Hyperspectral image classification with independent component
discriminant analysis [J]. 1EEE Trans Geosci Remote Sens, 2012,
49(12): 4865-4876.

[30] WANG S, XIAY, LIU Q, et al. Gabor feature based nonlocal means
filter for textured image denoising[J]. J Vis Commun Image Rep-
resent, 2012, 23(7): 1008-1018.

[31] SU H, YANG H, DU Q, et al. Semisupervised band clustering for
dimensionality reduction of hyperspectral imagery[J]. IEEE Trans
Geosci Remote Sens, 2011, 8(6): 1135-1139.

[32] LI'S, YIN H, FANG L. Group-sparse representation with dictionary
learning for medical image denoising and fusion.[J]. IEEE Trans
Biomed Eng, 2012, 59(12): 3450-3459.

[33] WANG Y H, LI J B, FU P. Medical image super-resolution analysis
with sparse representation[ C J/Eighth International Conference on
Intelligent Information Hiding and Multimedia Signal Processing.
2012: 106-109.

[34] BAZI Y, MELGANI F. Toward an optimal SVM classification system
for hyperspectral remote sensing images[J]. IEEE Geosci Remote
Sensing, 2006, 44(11): 3374-3385.

[35] HUANG G B, ZHOU H, DING X, et al. Extreme learning machine for
regression and multiclass  classification. [J]. IEEE Trans
Syst Man Cybern B Cybern, 2012, 42(42): 513-529.

[36] NDEZ-DELGADO M, CERNADAS E, BARRO S, et al. Direct Kernel
Perceptron (DKP): ultra-fast kernel ELM-based classification with
non-iterative closed-form weight calculation[ J]. Neural Netw, 2014,
50(2): 60-71.

(%48 FEiE5S)



