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a b s t r a c t 

One of the important problems in computer-aided diagnosis of connective tissue disease is automatic 

recognition of staining patterns present in HEp-2 cells. In this regard, the paper introduces a novel ap- 

proach for the recognition of staining patterns by HEp-2 cell indirect immunofluorescence image analysis. 

The proposed method assumes that a fixed set of local texture descriptors or scales may not be effective 

for classifying staining patterns into multiple classes. A particular set of descriptors or scales may be sig- 

nificant for classifying a pair of classes, but may not be relevant for other pairs of classes. The proposed 

approach, therefore, first selects a set of local texture descriptors under appropriate scales for each class- 

pair, and then forms the final feature set for multiple classes from the relevant descriptors of all possible 

pairs of classes. A novel framework, termed as Rough-Bayesian model, is introduced to evaluate the rel- 

evance of a descriptor and/or a scale. It is based on the merits of rough sets and Bayes decision theory. 

During the selection of relevant descriptor and/or scale, the proposed method takes care of the presence 

of both noisy pixels in an HEp-2 cell image and noisy HEp-2 cell images in a staining pattern class. The 

support vector machine is used to predict the staining patterns present in HEp-2 cell images. The perfor- 

mance of the proposed method, along with a comparison with state-of-the-art methods, is demonstrated 

on several HEp-2 cell image databases. An important finding is that the accuracy for classifying HEp-2 cell 

images is significantly increased if class-pair specific descriptors under appropriate scales are considered, 

instead of selecting a uniform set of descriptors and scales for multiple classes. 

© 2021 Elsevier Ltd. All rights reserved. 
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. Introduction 

Connective tissue disease (CTD) is a class of disorders, where 

arget of pathology is the connective tissue of the body. The CTDs 

uch as scleroderma, rheumatoid arthritis, systemic lupus erythe- 

atosus, and mixed CTDs are characterized by the presence of 

pontaneous overactivity of the immune system that results in the 

roduction of extra antinuclear antibodies (ANAs) in blood of pa- 

ients [1] . The indirect immunofluorescence (IIF)-ANA test is com- 

only used to detect ANAs in the patient serum, for the diagnosis 

f several CTDs. The most used substrate for ANA test is human 

pithelial type 2 (HEp-2) cells. In IIF, images of a patient’s serum 

re acquired by staining a biological tissue with antibodies that are 

ied to a fluorescent chemical compound; they bind to other spe- 

ific antibodies (which are target of the assay), when illuminated 

roducing a fluorescence image observable through a microscope 

1] . Each image contains many cells, and represents the distribu- 

ion of target antibodies inside the tissue. The patterns observable 

n this distribution are the main information used for the diag- 
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osis, since each pattern can be related to a specific CTD. As the 

taining pattern is independent of each cell nucleus or cell includ- 

ng cytoplasm, each cell needs to be evaluated separately [2] . 

In general, the analysis of HEp-2 images includes classification 

f fluorescence intensity [3] , mitotic cell detection [4] , segmenta- 

ion of HEp-2 cells [5] , as well as staining pattern recognition of 

Ep-2 cells [2] . The HEp-2 cell allows identification of more than 

hirty different nucleolar, nucleoplasmic and cytoplasmatic stain- 

ng patterns, which are given by upwards of hundred different 

NAs. Usually, Homogeneous, Nucleolar, Centromere, Cytoplasmic, 

ine and Coarse Speckled, Nuclear Membrane and Golgi are the 

ommon IIF-ANA patterns, considered for the diagnosis of CTDs [6] . 

ost of the distinctions between HEp-2 patterns are based on tex- 

ure, as it carries important information about the surface of the 

Ep-2 cells. For HEp-2 cell pattern classification, it is necessary to 

nderstand how physicians discriminate between different texture 

ypes of HEp-2 cell images. The textural properties of an HEp-2 

ell image are likely to provide valuable information for classifica- 

ion, where different cell regions are treated as different texture 

lasses. The classification of these cell images is necessary in order 

o identify different ANAs. 

https://doi.org/10.1016/j.patcog.2021.107982
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2021.107982&domain=pdf
mailto:debamita_r@isical.ac.in
mailto:pmaji@isical.ac.in
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In this background, a significant amount of research has been 

ndertaken in last few years, to recognise the staining patterns 

resent in HEp-2 cell images [2,7] . Different global texture de- 

criptors based on gray level co-occurrence matrix are used in 

8–10] , while edge orientation histograms, rotation-invariant Ga- 

or features, and modified Zernike moments are also found to pro- 

ide important information of an HEp-2 cell image [8] . In [10–12] ,

he well-known SIFT descriptor [13] has been used, while the DCT 

ased descriptor has been applied in [9,12] . Faraki et al. [14] . used

ovariance descriptor obtained from a bank of Gabor filters, while 

ong et al. [15] . applied maximum-response filter banks and his- 

ogram of gradients for HEp-2 cell texture analysis. The concept 

f bag of features model is used in [12,14] , for the generation of

ell signature. In [8] , it has been shown that the local variations of

ntensity patterns are more effective than global information, ob- 

ained from the HEp-2 cell images, in differentiating various stain- 

ng pattern classes. Several local texture descriptors, namely, lo- 

al binary pattern (LBP) [16] , rotation-invariant LBP (LBP ri ) [17] , 

otation-invariant uniform LBP (LBP riu2 ) [17] , co-occurrence of ad- 

acent LBP (CoALBP) [18] , completed LBP (CLBP) [19] , rotation- 

nvariant CoALBP (RICLBP) [20] , median robust extended LBP [21] , 

oise tolerant LBP [22] , pairwise rotation-invariant co-occurrence 

BP [23] and local ternary pattern [24] , can be used to character- 

ze a cell image. Some of them have already been found to be suc- 

essful for HEp-2 cell pattern analysis [8] . In order to encode gradi- 

nt and textural characteristics of the HEp-2 patterns, the concept 

f gradient-oriented co-occurrence of LBP has been introduced in 

11] , while the dominant LBP has been presented in [25] for tex- 

ure analysis. 

Recently, there has been a growing interest in the develop- 

ent of deep learning models for feature extraction from HEp-2 

ell images [26,27] . Several deep neural network models have also 

een developed [28–32] for HEp-2 cell staining pattern recogni- 

ion, due to their ability to achieve high classification accuracy. In 

28] , a deep convolutional residual in residual network has been 

roposed for simultaneous HEp-2 specimen image segmentation 

nd classification. The deep residual network has been applied in 

29] for classifying HEp-2 cell images, while a deep feature ex- 

raction method, based on convolutional auto-encoders, has been 

ntroduced in [30] for staining pattern recognition. A deeper ar- 

hitecture with convolutional neural network (CNN) is developed 

n [31] , and several preprocessing techniques have been applied in 

32] to enhance the performance of deep CNN in identifying stain- 

ng patterns present in HEp-2 cell images. However, the training 

f these deep learning models is computationally very expensive 

ue to the large parameter space. To alleviate this problem, various 

eep architectures have recently been introduced in [33,34] , which 

nable building of deep architectures with comparatively smaller 

arameter space. In [33] , the deep CNN has been used to clas- 

ify HEp-2 cell staining patterns, whereas the features extracted by 

hallow and deep multi-scale convolutional component are fused 

n [34] for performance improvement. However, the limited num- 

er of training images causes inappropriate learning that may re- 

ult into inaccurate classification of the HEp-2 cell images. Hence, 

ata augmentation is necessary for these models to identify stain- 

ng patterns properly. 

The intrinsic textures of various HEp-2 cell types are fairly 

ifferent from each other. The HEp-2 cell stained images also 

ave unpredictably ambiguous texture. This difficulty exists in both 

nter-class and intra-class examples. Moreover, due to the nature of 

uman cell, the shared visual similarity of inter-class samples, like 

he texture of certain parts of the tissues, further increases the am- 

iguity. These difficulties limit the accuracy of HEp-2 cell classifi- 

ation. Also, there exists uncertainty due to inexactness, vagueness 

nd incompleteness in HEp-2 class definition, as well as overlap- 

ing characteristics of HEp-2 cell classes. In this regard, the theory 
2 
f rough sets can be used to handle uncertainties associated with 

Ep-2 cell pattern classes. It provides an effective means for the 

nalysis of data by constructing upper and lower approximations of 

et concepts from the acquired data, based on information granules 

35] . The probabilistic modeling, on the other hand, aims to mea- 

ure the belongingness of an object to a specific class, based on 

 probability distribution. As rough sets and probabilistic models 

re complementary in nature, they can be integrated for modeling 

ncertainty inherent in classification of staining pattern classes of 

Ep-2 cells. 

Another important aspect of texture is scale. The appearance of 

ost textures is changed when viewed at different scales. Accord- 

ng to psychovisual studies, the human visual system processes im- 

ges in multiple scales; thus capable of preserving both local and 

lobal information. The HEp-2 cell images may contain informa- 

ion over a large range of scales. In medical imaging perspective, 

he scale of the imagery may be different in many cases, and so 

t is important to understand how information changes over dif- 

erent scales of imagery. Hence, a fixed set of scales or descrip- 

ors may not be effective for classifying staining patterns present 

n HEp-2 cell images into multiple classes. A particular set of de- 

criptors may be significant for classifying a pair of classes, but 

ay not be relevant for other pairs of classes. Similarly, a uniform 

et of scales may be effective for classifying a pair of classes, but 

ay not be significant for another pair of classes. However, the ex- 

sting approaches reported in [8,11,20,25] consider a uniform set 

f local texture descriptors and/or scales for all staining pattern 

lasses, which restricts the recognition rates of HEp-2 cell classi- 

cation. Recently, using an ensemble of classifiers, a classification 

pproach has been introduced in [36] , based on one-against-one 

cheme, to classify HEp-2 cell images, while both feature extrac- 

ion and classification approaches are differentiated in [37] , based 

n one-against-all scheme. However, both of these approaches suf- 

er from training a large number of classifiers. 

In this background, the paper introduces a novel method to se- 

ect a set of relevant descriptors under appropriate scales for the 

ecognition of staining patterns present in HEp-2 cell images. The 

roposed method assumes that a uniform set of descriptors and/or 

cale is not effective for all HEp-2 cell classes. Therefore, a set of 

elevant local texture descriptors is first identified under appropri- 

te scales for a pair of classes, and then the final feature set for 

ultiple classes is formed from the relevant descriptors of all pos- 

ible pairs of classes selected under appropriate scales. Judiciously 

ntegrating the merits of rough sets and Bayes decision theory, a 

ew framework, termed as Rough-Bayesian model, is introduced to 

valuate the relevance of a local texture descriptor and/or a scale 

or a pair of classes. While rough set theory deals with the uncer- 

ainty due to inexactness, vagueness, or incompleteness in HEp-2 

lass definition, the probabilistic model addresses the uncertainty 

ue to overlapping classes by measuring the belongingness of an 

Ep-2 cell to a specific class, based on some presumed intensity 

istribution of the class. During the computation of the relevance 

f each descriptor and/or scale, the proposed method takes care of 

he presence of both noisy pixels in an HEp-2 cell image and noisy 

Ep-2 cell images in a staining pattern class. Finally, support vec- 

or machine (SVM) is used to predict the staining patterns present 

n HEp-2 cell images. The performance of the proposed method, 

long with a comparison with other related methods, is demon- 

trated on a set of real-life HEp-2 cell image databases. 

. Selection of relevant descriptors and scales 

This section presents a new method to find a set of effective 

escriptors, along with the corresponding scales, for classification 

f staining patterns in HEp-2 cell images. 
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Table 1 

Confusion Matrix for ICPR Test Data Set at Scale 4. 

Actual/Predict Centromere Homogeneous Nucleolar Speckled Nuclear Mem. Golgi 

Predicted Class Using LBP 

Centromere 79.94 % (1096) 2.26%(31) 3.72%(51) 13.42%(184) 0.29%(4) 0.36%(5) 

Homogeneous 1.44%(18) 69.77 % (870) 3.69%(46) 18.93%(236) 5.37%(67) 0.80%(10) 

Nucleolar 4.31%(56) 6.39%(83) 67.82 % (881) 10.08%(131) 4.08%(53) 7.31%(95) 

Speckled 9.04%(128) 20.76%(294) 6.29%(89) 60.38 % (855) 1.62%(23) 1.91%(27) 

Nuclear Mem. 0.18%(2) 14.58%(161) 4.26%(47) 4.26%(47) 71.74%(792) 4.98%(55) 

Golgi 0.83%(3) 9.12%(33) 38.40 % (139) 9.67%(35) 11.60%(42) 30.39 % (110) 

Predicted Class Using LBP ri 

Centromere 83.08%(1139) 1.97%(27) 4.74%(65) 9.99%(137) 0.07%(1) 0.15%(2) 

Homogeneous 1.68%(21) 81.96 % (1022) 4.17%(52) 7.22%(90) 3.93%(49) 1.04%(13) 

Nucleolar 3.00%(39) 6.16%(80) 81.45%(1058) 4.46%(58) 3.00%(39) 1.92%(25) 

Speckled 15.89%(225) 38.56%(546) 12.43%(176) 30.23%(428) 1.84%(26) 1.06%(15) 

Nuclear Mem. 0.18%(2) 11.14%(123) 3.35%(37) 1.36%(15) 80.98%(894) 2.99%(33) 

Golgi 1.66%(6) 10.50%(38) 46.41%(168) 4.70%(17) 8.84%(32) 27.90%(101) 

Predicted Class Using LBP riu2 

Centromere 85.34%(1170) 1.53%(21) 3.06%(42) 9.85%(135) 0.22%(3) 0.00%(0) 

Homogeneous 1.68%(21) 69.53%(867) 3.69%(46) 19.97%(249) 5.13%(64) 0.00%(0) 

Nucleolar 1.77%(23) 3.93%(51) 73.29%(952) 15.78%(205) 5.23%(68) 0.00%(0) 

Speckled 9.89%(140) 20.06%(284) 7.84%(111) 59.25%(839) 2.90%(41) 0.07%(1) 

Nuclear Mem. 0.82%(9) 12.23%(135) 6.43%(71) 1.81%(20) 78.71%(869) 0.00%(0) 

Golgi 0.55%(2) 15.47%(56) 59.94%(217) 8.84%(32) 14.92%(54) 0.28%(1) 

Predicted Class Using CoALBP 

Centromere 79.36%(1088) 4.38%(60) 6.71%(92) 8.90%(122) 0.29%(4) 0.36%(5) 

Homogeneous 0.88%(11) 68.64%(856) 6.26%(78) 19.09%(238) 4.01%(50) 1.12%(14) 

Nucleolar 7.85%(102) 7.16%(93) 73.98%(961) 7.62%(99) 1.46%(19) 1.92%(25) 

Speckled 7.06%(100) 21.75%(308) 4.66%(66) 64.83%(918) 0.99%(14) 0.71%(10) 

Nuclear Mem. 0.91%(10) 5.71%(63) 1.99%(22) 3.89%(43) 77.63%(857) 9.87%(109) 

Golgi 6.35%(23) 5.25%(19) 15.19%(55) 6.35%(23) 30.94%(112) 35.91%(130) 

Predicted Class Using Class-Pair Specific Descriptor 

Centromere 83.81%(1149) 2.12%(29) 5.18%(71) 8.53%(117) 0.07%(1) 0.29%(4) 

Homogeneous 0.80%(10) 75.70%(944) 3.29%(41) 16.36%(204) 3.37%(42) 0.48%(6) 

Nucleolar 5.00%(65) 5.16%(67) 79.06%(1027) 7.85%(102) 1.00%(13) 1.92%(25) 

Speckled 6.50%(92) 17.80%(252) 4.59%(65) 69.70%(987) 0.99%(14) 0.42%(6) 

Nuclear Mem. 0.27%(3) 6.88%(76) 1.45%(16) 2.54%(28) 84.69%(935) 4.17%(46) 

Golgi 3.04%(11) 2.49%(9) 18.51%(67) 5.25%(19) 14.64%(53) 56.08%(203) 
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.1. Motivation 

In general, a single scale of same local textural features is used 

or the recognition of HEp-2 patterns. Due to the drastic variation 

f different scales and noisy nature of the input HEp-2 cell images, 

he single scale and/or descriptor usually gives poor performance, 

hich is reflected in the insufficient and inaccurate staining pat- 

ern representation of these images. 

Let us assume that M = {M 1 , · · · , M p , · · · , M t } represents a

et of t modalities, where each modality M p corresponds to a local 

escriptor considered under a particular scale. In the current ex- 

mple, four types of local descriptor, namely, LBP [16] , LBP ri [17] , 

BP riu2 [17] , and CoALBP [18] , are used, while four scales of LBP

eighborhood such as 1 ( S 1 ), 2 ( S 2 ), 3 ( S 3 ), and 4 ( S 4 ) are con-

idered. The 4-neighborhood is used for CoALBP, while for others 

-neighborhood is considered. Tables 1 and 2 present several con- 

usion matrices obtained for ICPR image database [38] , which was 

sed in HEp-2 cell classification contest organized by ICPR 2014. 

n particular, 68,429 cell images constitute the database, out of 

hich 20% of data set, that is, 13,596 cell images are publicly avail- 

ble. For experimental purposes, the set of 13,596 images is par- 

itioned into training and test sets, consisting of 6,797 and 6,799 

ell images, respectively. In both training and test sets, the images 

re almost equally distributed with respect to six different pat- 

ern classes, namely, Centromere, Homogeneous, Nucleolar, Nuclear 

embrane, Speckled, and Golgi. 

.1.1. Performance at fixed scale 

Each confusion matrix of Table 1 corresponds to each of the 

our local descriptors at scale S 4 . The SVM [39] , with linear ker-

els, is used to evaluate the performance of different f eature de- 

criptors in the present work. While the first matrix corresponds 
3 
o LBP, next three matrices, namely, second, third, and fourth, are 

btained for LBP ri , LBP riu2 , and CoALBP, respectively. The LBP, LBP ri , 

BP riu2 , and CoALBP, respectively, achieve 85.83%, 70.21%, 69.56%, 

nd 100% classification accuracy on training cell images of ICPR 

atabase, while 67.72%, 68.27%, 69.10%, and 70.75% accuracy on test 

mages. However, from the confusion matrices, it can be seen that 

he class labels of 38.40%, 46.41%, and 59.94% of the cell images 

f Golgi class are predicted as Nucleolar class for LBP, LBP ri , and 

BP riu2 , respectively, while the predicted class of 30.94% of the cell 

mages of Golgi class is Nuclear Membrane for CoALBP. Similarly, 

he class label of 38.56% cell images of Speckled class is predicted 

s Homogeneous class for LBP ri . Moreover, for LBP riu2 , only 1 im- 

ge, out of 362 cell images, of Golgi class is correctly identified, 

hile the class label is correctly predicted for 85.34% of the cell 

mages of Centromere class. For LBP, LBP riu2 , and CoALBP, nearly 

0% of Homogeneous cells is predicted as Speckled cells, while al- 

ost same percentage of Speckled cells is classified as Homoge- 

eous cells. So, a particular descriptor may be important for clas- 

ifying a class-pair, but may not be effective for another pair of 

lasses. 

.1.2. Performance at fixed descriptor 

Each confusion matrix of Table 2 corresponds to each scale of 

BP ri . While the first two matrices correspond to scales S 1 and 

 2 , next two matrices are obtained for scales S 3 and S 4 . The LBP ri 

ttains 60.67%, 68.56%, 73.30%, and 70.21% classification accuracy 

n training cell images of ICPR database for scales S 1 , S 2 , S 3 , and

 4 , respectively, while 59.35%, 66.35%, 70.88%, and 68.28% of accu- 

acy on test images. From the first four confusion matrices, it is 

een that the class labels of 45.30%, 55.25%, 48.07%, and 46.41% of 

he cell images of Golgi class are predicted as Nucleolar class for 

cales S , S , S , and S , respectively, while the class of 34.04% and
1 2 3 4 
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Table 2 

Confusion Matrix for ICPR Test Data Set for LBP ri . 

Actual/Predict Centromere Homogeneous Nucleolar Speckled Nuclear Mem. Golgi 

Predicted Class Using Scale 1 

Centromere 75.27%(1032) 0.22%(3) 7.59%(104) 16.92%(232) 0.00%(0) 0.00%(0) 

Homogeneous 0.08%(1) 50.12%(625) 5.21%(65) 30.07%(375) 14.35%(179) 0.16%(2) 

Nucleolar 4.85%(63) 5.23%(68) 60.20%(782) 18.78%(244) 10.39%(135) 0.54%(7) 

Speckled 5.44%(77) 15.89%(225) 12.50%(177) 63.28%(896) 2.12%(30) 0.78%(11) 

Nuclear Mem. 0.00%(0) 13.86%(153) 14.58%(161) 8.24%(91) 63.04%(696) 0.27%(3) 

Golgi 1.38%(5) 18.51%(67) 45.30%(164) 20.17%(73) 13.54%(49) 1.10%(4) 

Predicted Class Using Scale 2 

Centromere 84.32%(1156) 1.68%(23) 5.91%(81) 7.80%(107) 0.29%(4) 0.00%(0) 

Homogeneous 0.88%(11) 72.49%(904) 2.73%(34) 14.51%(181) 9.22%(115) 0.16%(2) 

Nucleolar 2.54%(33) 4.39%(57) 79.14%(1028) 7.85%(102) 5.70%(74) 0.38%(5) 

Speckled 15.61%(221) 34.04%(482) 8.90%(126) 38.91%(551) 2.26%(32) 0.28%(4) 

Nuclear Mem. 0.36%(4) 11.87%(131) 7.88%(87) 2.26%(25) 77.08%(851) 0.54%(6) 

Golgi 2.21%(8) 13.81%(50) 55.25%(200) 11.33%(41) 11.60%(42) 5.80%(21) 

Predicted Class Using Scale 3 

Centromere 86.14%(1181) 1.39%(19) 3.36%(46) 8.53%(117) 0.22%(3) 0.36%(5) 

Homogeneous 1.28%(16) 65.12%(812) 6.50%(81) 18.36%(229) 7.94%(99) 0.80%(10) 

Nucleolar 2.62%(34) 3.23%(42) 77.14%(1002) 11.93%(155) 3.39%(44) 1.69%(22) 

Speckled 10.17%(144) 18.29%(259) 5.72%(81) 62.71%(888) 2.19%(31) 0.92%(13) 

Nuclear Mem. 0.09%(1) 13.77%(152) 3.80%(42) 2.72%(30) 76.99%(850) 2.63%(29) 

Golgi 0.00%(0) 8.29%(30) 48.07%(174) 9.67%(35) 10.22%(37) 23.76%(86) 

Predicted Class Using Scale 4 

Centromere 83.08%(1139) 1.97%(27) 4.74%(65) 9.99%(137) 0.07%(1) 0.15%(2) 

Homogeneous 1.68%(21) 81.96%(1022) 4.17%(52) 7.22%(90) 3.93%(49) 1.04%(13) 

Nucleolar 3.00%(39) 6.16%(80) 81.45%(1058) 4.46%(58) 3.00%(39) 1.92%(25) 

Speckled 15.89%(225) 38.56%(546) 12.43%(176) 30.23%(428) 1.84%(26) 1.06%(15) 

Nuclear Mem. 0.18%(2) 11.14%(123) 3.35%(37) 1.36%(15) 80.98%(894) 2.99%(33) 

Golgi 1.66%(6) 10.50%(38) 46.41%(168) 4.70%(17) 8.84%(32) 27.90%(101) 

Predicted Class Using Class-Pair Specific Scale 

Centromere 91.76%(1258) 1.17%(16) 2.77%(38) 4.16%(57) 0.07%(1) 0.07%(1) 

Homogeneous 0.16%(2) 81.40%(1015) 2.65%(33) 12.51%(156) 2.89%(36) 0.40%(5) 

Nucleolar 1.92%(25) 4.39%(57) 83.99%(1091) 6.62%(86) 1.39%(18) 1.69%(22) 

Speckled 4.10%(58) 15.11%(214) 3.67%(52) 75.56%(1070) 1.48%(21) 0.07%(1) 

Nuclear Mem. 0.09%(1) 7.52%(83) 1.36%(15) 1.72%(19) 85.24%(941) 4.08%(45) 

Golgi 1.66%(6) 3.59%(13) 21.82%(79) 5.52%(20) 6.91%(25) 60.50%(219) 
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8.56% of the cell images of Speckled class is predicted as Homo- 

eneous class for scales S 2 and S 4 , respectively. On the other hand, 

he class labels of 30.07% of cell images of Homogeneous class are 

redicted as Speckled class for scale S 1 . So, a specific scale may be

ignificant in discriminating a class-pair, while it may not be im- 

ortant for another pair of classes. 

From all the confusion matrices reported in Tables 1 and 2 , it 

s seen that a unique scale and/or a unique local descriptor may 

ot be effective for all staining pattern classes. In other words, a 

cale or a descriptor may be significant for classifying a pair of 

lasses, while may not be effective for another pair of classes. For 

 pair of classes, if the appropriate descriptors and corresponding 

cales can be identified properly, better classification accuracy can 

e achieved for classifying HEp-2 cells into multiple classes, as ev- 

dent from last confusion matrices of Tables 1 and 2 . These two 

atrices correspond to the cases when descriptors and scales, re- 

pectively, are class-pair specific given fixed scale ( S 4 ) and fixed 

escriptor (LBP ri ). In case of class-pair specific descriptor, as re- 

orted in Table 1 , the classification accuracy on test images is 

7.14%, while it is 82.28% if class-pair specific scale ( Table 2 ) is

onsidered. When both descriptor and scale are considered to be 

lass-pair specific, the classification accuracy on test images is in- 

reased to 85.54% and corresponding confusion matrix is presented 

n Table 3 . More than 50% cells of Golgi class are correctly identi-

ed in these three cases, which is not possible if a single descriptor 

r a single scale is considered for the extraction of features of all 

lasses. 

.2. Proposed method 

The proposed method selects important features from the rel- 

vant modalities for each pair of classes, and forms the resultant 
4 
eature set for multiple staining pattern classes. The block diagram 

f the proposed method for HEp-2 cell staining pattern classifica- 

ion is depicted in Fig. 1 . At first, the class specific feature set is

ormed for each of the HEp-2 cell staining pattern classes, consid- 

ring the histograms of feature values for each of the input HEp-2 

ell images, under a specific modality. Then, the class-pair specific 

eature sets are obtained for all possible class-pairs, from each of 

he class specific feature sets. The relevance of each class-pair spe- 

ific feature set under a particular modality is evaluated based on 

ough sets and Bayes decision theory. After selecting a set of most 

elevant feature sets for each class-pair, the final feature set for 

ultiple staining pattern classes is formed, which is used to train 

upport vector machine. Each of these steps is elaborated next one 

y one. 

Let us assume that X = { x 1 , · · · , x j , · · · , x n } be a set of n num-

er of HEp-2 cell images, where each image x j ∈ � 

m is represented 

y a set h j = { h j1 , · · · , h jk , · · · , h jm 

} , consisting of feature values of

 features {A 1 , · · · , A k , · · · , A m 

} . In the proposed work, four lo-

al descriptors, namely, LBP, LBP ri , LBP riu2 , and CoALBP, are con- 

idered. So, h j is the normalized histogram of x j corresponding to 

ither LBP, LBP ri , LBP riu2 or CoALBP. Let ˜ h j = { ̃ h j1 , · · · , ̃  h jk , · · · , ̃  h jm 

}
e the sorted normalized histogram of x j , in descending order, 

nd I j = { I j1 , · · · , I jk , · · · , I jm 

} represents the feature order of ˜ h j .

ig. 2 (a) presents the normalized LBP histogram at S 2 of an HEp- 

 cell image belonging to Golgi class of ICPR data, while Fig. 2 (b)

epicts the corresponding sorted histogram. 

.2.1. Class dependent features 

In order to find out the set of dominant features present in 

˜ h j , 

orresponding to each HEp-2 cell image x j , the following function 
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Table 3 

Confusion Matrix for ICPR Test Data Set Using Class-Pair Specific Descriptors and Scales. 

Actual/Predict Centromere Homogeneous Nucleolar Speckled Nuclear Membrane Golgi 

Centromere 92.27%(1265/1371) 1.02%(14/1371) 2.26%(31/1371) 4.30%(59/1371) 0.07%(1/1371) 0.07%(1/1371) 

Homogeneous 0.08%(1/1247) 83.88%(1046/1247) 1.04%(13/1247) 13.79%(172/1247) 0.96%(12/1247) 0.24%(3/1247) 

Nucleolar 2.00%(26/1299) 2.77%(36/1299) 88.22%(1146/1299) 4.31%(56/1299) 0.92%(12/1299) 1.77%(23/1299) 

Speckled 3.04%(43/1416) 13.28%(188/1416) 3.11%(44/1416) 79.31%(1123/1416) 1.06%(15/1416) 0.21%(3/1416) 

Nuclear Mem. 0.00%(0/1104) 4.89%(54/1104) 1.45%(16/1104) 1.36%(15/1104) 89.04%(983/1104) 3.26%(36/1104) 

Golgi 1.66%(6/362) 2.21%(8/362) 13.81%(50/362) 2.76%(10/362) 9.67%(35/362) 69.89%(253/362) 

Fig. 1. Block diagram of the proposed HEp-2 cell staining pattern recognition method. 

Fig. 2. Illustrative example to find out the dominant features of an HEp-2 cell image. 
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s defined: 

(r) = 

r ∑ 

l=1 

˜ h jl . (1) 

he function S(r) represents the cumulative sum of first r nor- 

alized feature values of ˜ h j . As each normalized feature value 

˜ 
 jk is positive, the function S(r) is single-valued and monotoni- 

ally increasing in the interval 1 ≤ r ≤ m . Moreover, 0 ≤ S(r) ≤ 1 

or 1 ≤ r ≤ m . The second-order derivative of this function is the 

ifference 

∂ 2 S(r) 

∂r 2 
= S(r + 1) + S(r − 1) − 2 S(r) . (2) 

Fig. 2 (c) presents the variation of cumulative sum S(r) of first r

ormalized feature values of ˜ h j , corresponding to Fig. 2 (b). In this 

gure, the number of dominant features of x j is denoted by the 

oint in X-axis, where the slope of the graph changes abruptly. 

his is due to the fact that further addition of features into the 

ominant feature set does not offer any significant increase in the 

umulative sum of the normalized histogram of the object x j . In 
5 
rder to identify this point, the difference operator is applied on 

(r) . Now, from the definition, it is known that the first-order dif- 

erence yields a non-zero response along a ramp. With the change 

f the slope of the ramp, only the magnitude of the response of 

rst-order difference operator changes. Hence, it is not possible to 

dentify the point of interest with first-order difference response. 

n the other hand, in case of second-order difference, a non-zero 

esponse is only obtained at the beginning and end of the ramp, 

hat is, where the slope changes, and a zero response is obtained 

long the ramp. Since the graph of S(r) can be considered as 

iece-wise linear after the slope changes, the second-order differ- 

nce produces almost zero response in this region. Fig. 2 (d) depicts 

he second-order difference of S(r) , corresponding to Fig. 2 (c). 

hus, the number of dominant features for a particular object x j 
s defined as the feature index beyond which second-order differ- 

nce yields near to zero response, indicating no further significant 

hange in slope of the graph. As the second-order difference pro- 

uces double sided response, modulus of the response is consid- 

red for computational advantage. The number of dominant fea- 

ures d j , present in 

˜ h j , is thus defined as d j = r, if 

∣∣∣ ∂ 2 S(l) 

∂ l 2 

∣∣∣ < ε 1 ,
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 l ∈ { r + 1 , r + 2 , · · · , m } . So, the average number of dominant fea-

ures for the set X is given by 

 = 

1 

n 

n ∑ 

j=1 

d j . (3) 

The set of dominant features, denoted by V j , corresponding to 

ample x j , is defined as 

 j = {A k | I jq = k and q ≤ d } . (4) 

he features, which are dominant in sample x j , belong to the set 

 j , while rest of the features those are considered to be insignifi- 

ant do not belong to V j . Algorithm 1 presents the basic steps to

lgorithm 1 Determination of Set of Dominant Features for Each 

ell Image x j ∈ X . 

nput: Set of training cell images X . 

utput: Set of dominant features for each cell image x j ∈ X . 

1: for each x j ∈ X do 

(i) Compute the normalized histogram h j under a particular 

modality. 

(ii) Sort the normalized histogram and compute cumulative 

sum of the sorted histogram. 

(iii) Determine the second-order difference of the cumulative 

sum of sorted histogram. 

(iv) Find out the number of dominant features d j of the sample 

x j , upto which the second-order difference exhibits a non- 

zero response. 

2: Compute the average number of dominant features d over the 

entire set X . 

3: for each x j ∈ X do 

• Select the first d features from the sorted histogram 

˜ h j as 

the set of dominant features for the sample x j . 

etermine the set of dominant features for each training cell image 

 j ∈ X . 

Let us assume that each sample x j ∈ X belongs to one of the c

lasses of the set { ω 1 , · · · , ω i , · · · , ω c } . It is likely that the samples

f the same class will have similar dominant feature sets, while 

amples from different classes will have different sets of domi- 

ant features. Presence of a noisy sample in the set X may intro- 

uce certain features in the dominant set which definitely do not 

ear any significant characteristics of the class, say ω i , to which 

he noisy sample belongs. Rather, presence of those features in the 

ominant set can cause erroneous decision regarding classification 

f the samples of class ω i . Hence, it is necessary to identify the

eatures from the dominant set of a sample which correctly repre- 

ent the characteristics of the class to which it belongs. 

In order to address the aforementioned problem, the probability 

f occurrence of a feature A k in the dominant sets of the samples 

f a particular class ω i is defined as follows: 

p(A k | ω i ) = 

1 

| ω i | 
∑ 

x j ∈ ω i 
v jk ; (5) 

here v jk = 

{
1 , if A k ∈ V j ; 
0 , otherwise. 

(6) 

Here, | ω i | represents the number of samples belonging to class 

 i . Fig. 3 (a) depicts the probability of occurrence of LBPs in Golgi 

lass. The features, which have occurred in the dominant sets of 

he samples belonging to class ω inadvertently, will have low 
i 

6 
robability of occurrence. Hence, the features having p(A k | ω i ) val- 

es below a certain threshold T (ω i ) can be considered to be in-

ignificant for the class ω i and can be discarded without loss of 

uch information. Moreover, if the samples of a class ω i show a 

arge degree of variations among them, the sets of dominant fea- 

ures of those samples will also vary to a great extent. So, there 

ill be a large number of features A k s having low p(A k | ω i ) values.

ere, T (ω i ) is expected to have a low value. On the other hand,

f the samples of a class, say ω r , exhibit similar properties, then 

ost of the features A k s will have high p(A k | ω r ) values. In this

ase, T (ω r ) should have a high value. Hence, the values of prob-

bility of occurrence of features in the dominant sets of a class 

re not enough to determine the threshold of that class. The fre- 

uency of probability of occurrence values also needs to be consid- 

red. Hence, the histogram H(ω i ) of the probability of occurrence 

alues is calculated as follows: 

 l (ω i ) = H l (ω i ) + 1 if p(A k | ω i ) ∈ 

(
l − 1 

L 
, 

l 

L 

]
, ∀ k ; (7) 

here 1 ≤
L ∑ 

l=1 

H l (ω i ) ≤ m , L is the number of bins in histogram 

nd l ∈ { 1 , 2 , · · · , L } denotes an index of the bins. The maximum

alue of l, for which 

l 
 

 =1 

H q (ω i ) < ε 2 

L ∑ 

q =1 

H q (ω i ) , (8) 

etermines the threshold for the class ω i as follows: 

 (ω i ) = 

l 

L 
. (9) 

he parameter ε 2 , which is considered to be 0.1 in the current 

tudy, depicts the amount of acceptable loss. Fig. 3 (b) represents 

he histogram corresponding to probability of occurrence values of 

ig. 3 (a). The threshold value for Golgi class of ICPR data, obtained 

sing (9) , is 0.2. 

Based on the threshold T (ω i ) , the class dependent feature set 

 (ω i ) for the class ω i is defined as 

 (ω i ) = {A k | p(A k | ω i ) ≥ T (ω i ) } . (10) 

o, the k -th feature A k belongs to the feature set N (ω i ) only if

 k is dominant for most of the samples belonging to class ω i as 

ell as represents the important characteristics of the class ω i . The 

ain steps to generate class dependent feature set N (ω i ) , corre- 

ponding to the class ω i , are outlined in Algorithm 2 . 

lgorithm 2 Determination of Class Dependent Feature Set. 

nput: Set of dominant features of each cell image x j ∈ X . 

utput: Class specific feature set N (ω i ) ; i = 1 , · · · , c. 

1: for each class ω i do 

(i) Calculate the probability of occurrence of features present 

in the dominant sets of samples belonging to the class ω i . 

(ii) Compute histogram of the probability of occurrence values 

in the class ω i . 

(iii) Determine class specific threshold T (ω i ) from the histogram 

of the class ω i . 

(iv) Form a feature set N (ω i ) , corresponding to the class ω i ,

with the features having probability of occurrence values 

greater than T (ω i ) . 

2: Stop. 
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Fig. 3. Illustration to find out dominant features of an HEp-2 cell class. 
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Algorithm 4 Proposed Method for HEp-2 Cell Classification. 

Input: Set of training cell images X . 

Output: Final feature set D. 

1: for each modality M p ∈ M do 

(i) Obtain the set of dominant features for each of the training 

cell images x j ∈ X by Algorithm 1 . 

(ii) Determine class specific feature set N p (ω i ) , where i = 

1 , · · · , c, using Algorithm 2 . 

2: for each class-pair { ω i , ω r } do 

• Select a set of class-pair specific feature sets ˜ N ir = 

{N p ({ ω i , ω r } ) } , using Algorithm 3 . 

3: Form the final feature set D, from all the selected class-pair 

specific feature sets ˜ N ir ’s, corresponding to all pairs of classes. 

Algorithm 5 Computation of Relevance of Feature Set. 

Input: A set of objects U = { x 1 , · · · , x j , · · · , x n } , a set of condition 

attributes C = {A 1 , · · · , A k , · · · , A m 

} , decision attribute set D , and 

admissible classification error α. 

Output: Rel C (D ) , relevance of condition attribute set C with re- 

spect to decision attribute set D . 

1: for each condition attribute or feature A k ∈ C do 

• Form equivalence classes or information granules. 

• Construct α-lower approximation for each class ω i ∈ D us- 

ing (31). 

• Construct the matrix L (A k ) using (35). 

2: Construct the matrix ˜ L (C ) , corresponding to the set C , from m 

number of L (A k ) matrices using (37). 

3: Calculate the relevance Rel C (D ) of C with respect to D from 

˜ L (C ) using (36). 

p

c

3

n

e

c

n

t

o

 

{  

f  
.2.2. Pairwise class dependent features 

Let N (ω i ) and N (ω r ) be two feature sets corresponding to

wo classes ω i and ω r , respectively. These two sets represent the 

nique characteristics of two classes. The resultant feature set for 

 pair of classes ω i and ω r , representing the characteristics of both 

he classes, can be defined as 

 ({ ω i , ω r } ) = N (ω i ) ∩ N (ω r ) . (11)

Hence, the feature set N ({ ω i , ω r } ) contains those features

hich are dominant or significant with respect to both the classes 

 i and ω r . 

Given a set of modalities M = {M 1 , · · · , M p , · · · , M t } , the

roposed method evaluates the relevance of each feature set 

 p ({ ω i , ω r } ) , corresponding to the p-th modality M p , for a pair

f classes { ω i , ω r } . Let �p ({ ω i , ω r } ) be the relevance of the fea-

ure set N p ({ ω i , ω r } ) . The relevance � ∈ [0 , 1] of each feature set

s computed based on Bayes decision theory and the concept of 

ough sets, introduced in Section 3 . If the value of �p ({ ω i , ω r } ) is

, then all the samples belonging to two classes ω i and ω r can be

lassified correctly using the set of features selected under the p- 

h modality M p . If the value of �p ({ ω i , ω r } ) = 0 , then no sample

f either classes can be correctly classified with the selected set of 

eatures. On the other hand, if �p ({ ω i , ω r } ) ∈ (0 , 1) , then some of

he samples of two classes can be accurately classified, while oth- 

rs are misclassified. So, the value of �p ({ ω i , ω r } ) refers to the rel-

vance of the p-th modality M p for differentiating a pair of classes 

 ω i , ω r } . After selecting a set ˜ N ir = {N p ({ ω i , ω r } ) } of ˜ t most rele-

ant feature sets for a pair of classes { ω i , ω r } from t modalities,

he final feature set D for all possible pairs of classes is obtained 

s follows: 

 = 

⋃ 

˜ N ir . (12) 

he basic steps to select a set of best ˜ t feature sets, for a pair of

lasses { ω i , ω r } , are outlined in Algorithm 3 ; while Algorithm 4

lgorithm 3 Selection of Relevant Modality M p ∈ M for a Pair of 

lasses { ω i , ω r } . 
nput: Class specific feature sets N p (ω i ) and N p (ω r ) for each

odality M p ∈ M . 

utput: A set of class-pair specific feature sets ˜ N ir = 

N p ({ ω i , ω r } ) } , along with corresponding modalities {M p } . 
1: for each modality M p ∈ M do 

(i) Compute class-pair specific feature set N p ({ ω i , ω r } ) using 

two class specific feature sets N p (ω i ) and N p (ω r ) of the

classes ω i and ω r , respectively. 

(ii) Compute the relevance �p ({ ω i , ω r } ) of the class-pair spe- 

cific feature set N p ({ ω i , ω r } ) using Algorithm 5 . 

2: Select the set ˜ N ir = {N p ({ ω i , ω r } ) } of best ˜ t feature sets, based

on the relevance values. 
{  

7 
resents the main steps of proposed method for HEp-2 cell image 

lassification. 

. Rough-Bayesian approach for computation of relevance 

The problem of generation of final feature set using (12) for c

umber of HEp-2 cell staining pattern classes boils down to the 

valuation of each feature set, corresponding to a pair of classes 

onsidered under a particular modality. This section introduces a 

ovel framework, termed as Rough-Bayesian model, to compute 

he relevance of a set of features, integrating judiciously the merits 

f rough sets and Bayes decision theory. 

Let U = { x 1 , · · · , x j , · · · , x n } be the set of n objects, C =
A 1 , · · · , A k , · · · , A m 

} be the set of m condition attributes or

eatures, and D is the decision attribute set in U . Let U / D =
 ω , · · · , ω , · · · , ω c } denote c equivalence classes or information
1 i 
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ranules of U generated by the equivalence relation induced from 

he decision attribute set D . The proposed method assumes that 

ach class ω i can be approximated by a pair of sets, namely, lower 

pproximation A (ω i ) and boundary region B (ω i ) , based on the 

heory of rough sets. The upper approximation A (ω i ) = [ A (ω i ) ∪
 (ω i )] [35] . If an object belongs to the lower approximation A (ω i )

f a class ω i , it definitely belongs to that class. On the other hand,

f an object belongs to the boundary region B (ω i ) , it possibly be-

ongs to that class and potentially belongs to another class. Both 

ower and upper approximations of a class ω i can be defined by 

he equivalence classes of U generated by the equivalence rela- 

ion induced from each condition attribute A k ∈ C . The equivalence 

lasses or information granules, corresponding to the condition at- 

ribute A k or the set C , are constructed based on Bayes decision 

heory, considering two-class problem. 

Let ω 1 and ω 2 be the two classes in which the objects belong. 

et us assume that the a priori probabilities P (ω 1 ) and P (ω 2 ) of

wo classes are either known or they can be estimated from the 

vailable training objects. Further, the class-conditional probability 

ensity functions (pdf) p(x | ω i ) , i = 1 , 2 ; representing the distribu-

ion of the feature vectors in each of the classes, are assumed to 

e known. The pdf is also referred to as likelihood function of ω i 

ith respect to x . Given the above inputs, the task is to compute 

he conditional probabilities P (ω i | x ) , i = 1 , 2 ; each of them repre-

ents the probability that the object x belongs to the respective 

lass ω i . Integrating the theory of rough sets and Bayes decision 

heory, the classification rules for the proposed method are formu- 

ated as follows: 

• R1: x is classified to ω 1 if P (ω 1 | x ) − P (ω 2 | x ) > λ; 
• R2: x is classified to ω 2 if P (ω 1 | x ) − P (ω 2 | x ) < −λ; 
• R3: x is unclassified if | P (ω 1 | x ) − P (ω 2 | x ) | ≤ λ. 

The parameter λ(≥ 0) controls the region of uncertainty due 

o inexactness in class definitions of ω 1 and ω 2 , and overlapping 

oundaries between ω 1 and ω 2 . According to Bayes rule, 

 (ω i | x ) = 

p(x | ω i ) P (ω i ) 

p(x ) 
; i = 1 , 2 . (13) 

lso, P (ω 1 | x ) + P (ω 2 | x ) = 1 . (14) 

ombining rule R1 , (13) , and (14) , we get 

 is classified to ω 1 if 
P (ω 1 ) p(x | ω 1 ) 

P (ω 2 ) p(x | ω 2 ) 
> 

1 + λ

1 − λ
. (15) 

et us assume that the likelihood functions p(x | ω i ) of ω i with re-

pect to x are multivariate normal distributions, that is, 

p(x | ω i ) = 

1 √ 

(2 π) m | 	i | 
exp 

{ 

−1 

2 

(x − μi ) 
T 	−1 

i 
(x − μi ) 

} 

;

here μi and 	i are the mean of class ω i and corresponding m ×
 covariance matrix, while | 	i | denotes the determinant of 	i . So, 

he classification rule of R1 reduces to: 

x is classified to ω 1 if d 2 M 

(x, μ2 , 	2 ) − d 2 M 

(x, μ1 , 	1 ) 

− ln 

| 	1 | 
| 	2 | > 
12 ; (16) 

here 
12 = 2 

[
ln 

(
1 + λ

1 − λ

)
− ln 

P (ω 1 ) 

P (ω 2 ) 

]
; (17) 

nd d M 

(x, μi , 	i ) = 

√ 

(x − μi ) T 	
−1 
i 

(x − μi ) (18) 

s the Mahalanobis distance between x and μ . 
i 

8 
Assuming the individual features, constituting the feature vec- 

or, are mutually uncorrelated, we get 

i = diag (σ 2 
i 1 , · · · , σ 2 

ik , · · · , σ 2 
im 

) ; (19) 

here σ 2 
ik 

is the variance of the k -th feature. So, 

x is classified to ω 1 if 
m 

 

k =1 

[
(x k − μ2 k ) 

2 

σ 2 
2 k 

− (x k − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]
> 
12 . (20) 

imilarly, from rules R2 and R3 , we get 

x is classified to ω 2 if 
m 

 

k =1 

[
(x k − μ2 k ) 

2 

σ 2 
2 k 

− (x k − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]
< −
12 ; (21) 

and x is unclassified if 

m ∑ 

k =1 

[
(x k − μ2 k ) 

2 

σ 2 
2 k 

− (x k − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]∣∣∣∣∣ ≤ 
12 . (22) 

Based on the concept of positive approximation accelerator, in- 

roduced in [40,41] , the computing performance of a condition at- 

ribute set C k +1 = {A 1 , A 2 , · · · , A k +1 } can be improved using the

ollowing recursive expression principle: 

 OS 
U k 

C k +1 
(D ) = P OS 

U k 

C k 
(D ) ∪ P OS 

U k +1 

A k +1 
(D ) ; (23) 

where U k +1 = U k \ P OS 
U k 

C k 
(D ) ; U 1 = U ; and 

P OS U 
C 
(D ) = 

⋃ 

ω i ∈ U / D 
A (ω i ) . (24) 

ere, P OS U 
C 
(D ) is termed as the positive region, which contains 

ll objects of U that can be classified to classes of U / D using the

nowledge in attribute set C . In effect, the decision attribute set 

 can be positively approximated using granulation orders C k and 

 k +1 on the gradually reduced universe, respectively. So, instead of 

onsidering all m features of C to generate information granules or 

quivalence classes, equivalence classes corresponding to each in- 

ividual feature A k ∈ C can be generated separately, and then the 

ecision attribute D can be positively approximated by the equiva- 

ence classes of individual features. 

Let U / A k = { β1 , · · · , βi , · · · , β˜ c } denote ˜ c equivalence classes

r information granules of U induced by the condition attribute 

 k . Based on Bayes decision theory, three information granules, 

amely, β1 , β2 and β3 , are constructed for two classes correspond- 

ng to the condition attribute A k , as follows: 

 j ∈ β1 if 

[
(x jk − μ2 k ) 

2 

σ 2 
2 k 

− (x jk − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]
> 

˜ 
12 ;

(25)

 j ∈ β2 if 

[
(x jk − μ2 k ) 

2 

σ 2 
2 k 

− (x jk − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]
< − ˜ 
12 ;

(26) 

and x j ∈ β3 if 

∣∣∣∣
[

(x jk − μ2 k ) 
2 

σ 2 
2 k 

− (x jk − μ1 k ) 
2 

σ 2 
1 k 

− 2 ln 

(
σ1 k 

σ2 k 

)]∣∣∣∣
≤ ˜ 
12 ; (27) 

here ˜ 
12 = 


12 

m 

= 2 

[
ln 

(
1 + δ

1 − δ

)
− ln 

P (ω 1 ) 

P (ω 2 ) 

]
. (28) 
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This can be viewed as a supervised granulation process, which 

tilizes class information. The parameter δ has the same interpre- 

ation as that of λ in (17) . Combining (17) and (28) , the following 

elation holds between λ and δ: 

= 1 − 2 

[ 

1 + 

(
1 + δ

1 − δ

)m 

(
P (ω 1 ) 

P (ω 2 ) 

)1 −m 

] −1 

. (29) 

Let ω i ⊆ U , and E(βp , ω i ) be the relative degree of misclassifi-

ation of the set βp with respect to the set ω i , which is as follows

42] : 

(βp , ω i ) = 

{
1 − | βp ∩ ω i | 

| βp | , if | βp | > 0 ; 

0 , otherwise. 
(30) 

he quantity E(βp , ω i ) is also referred to as the relative classifi- 

ation error. The number of misclassified objects is given by the 

roduct of E(βp , ω i ) and | βp | , which is referred to as an abso-

ute classification error. According to the theory of variable pre- 

ision rough sets [42] , each class ω i can be approximated using 

he measure E(βp , ω i ) by constructing the α-lower and α-upper 

pproximations of ω i , where α is the admissible classification er- 

or and α ∈ [0 . 0 , 0 . 5) as per the majority requirement. The α-

ower approximation A α(ω i ) , α-upper approximation A α(ω i ) , and 

-boundary region B α(ω i ) of the class ω i can be defined as follows

42] : 

 α(ω i ) = 

⋃ { βp | E(βp , ω i ) ≤ α} ; (31) 

 α(ω i ) = 

⋃ { βp | E(βp , ω i ) < 1 − α} ; (32) 

 α(ω i ) = 

⋃ { βp | α < E(βp , ω i ) < 1 − α} . (33) 

ence, the lower approximation A α(ω i ) is the collection of those 

lements of U that can be classified into ω i with the classification 

rror not greater than α. 

Using (24) and (31) , the α-dependency γA k (D ) , also known as 

egree of dependency, of decision attribute D on the condition at- 

ribute A k can be computed as follows [35,42] : 

A k (D ) = 

| P OS U A k (D ) | 
| U | = 

1 

n 

∣∣∣∣∣ ⋃ 

ω i ∈ U / D 
A α(ω i ) 

∣∣∣∣∣; (34) 

here γA k (D ) ∈ [0 , 1] . However, as α-lower approximation of a 

lass contains both correctly classified and misclassified objects, 

he γ measure of (34) fails to capture discriminative characteristics 

f a feature properly. In order to circumvent the above problem, a 

elevance measure is introduced next by discarding the adverse ef- 

ect of misclassified objects. 

The correctly classified objects belonging to the α-lower ap- 

roximations of c classes can be arrayed as a (c × n ) matrix 

 (A k ) = [L i j (A k )] , where i -th row of the matrix 

 i (A k ) = { L i 1 (A k ) /x 1 + L i 2 (A k ) /x 2 + · · · + L in (A k ) /x n } 
orresponds to α-lower approximation A α(ω i ) of the i -th class ω i , 

+” means the operator of union in this case, and 

 i j (A k ) = 

{
1 , if x j ∈ A α(ω i ) and x j ∈ ω i ; 
0 , otherwise. 

(35) 

o, L i (A k ) ⊆ A α(ω i ) . Since a correctly classified object belongs to

he lower approximation of only one class, each column of L (A k ) 

ust contain at most one 1. Based on the above definition, the 

elevance of a condition attribute A k , with respect to c classes 

 ω 1 , · · · , ω i , · · · , ω c } , is defined as 

el A k (D ) = 

1 

n 

c ∑ 

i =1 

n ∑ 

j=1 

L i j (A k ) ; (36) 
9 
here 0 ≤ Rel A k (D ) ≤ 1 . Higher value of relevance measure indi- 

ates better attribute or feature for classification. In this regard, 

t should be noted that, for α = 0 , the definitions of set or class

pproximations, given in (31), (32) and (33) based on variable 

recision rough sets, reduce to that of Pawlak’s rough sets [35] . 

o, for α = 0 , L i (A k ) = A 0 (ω i ) = A (ω i ) , and the relevance measure

el A k (D ) defined in (36) is exactly same with the degree of depen- 

ency γA k (D ) reported in (34) . 

Given a set C = {A 1 , · · · , A k , · · · , A m 

} of m condition attributes,

n general, the equivalence classes corresponding to the set C can 

e formed from that of individual attributes. Based on the resultant 

quivalence classes of C , the α-lower approximations of c classes 

an be found out using (31) , and accordingly γC (D ) or Rel C (D )

an be computed using (34) or (36) , respectively. However, as both 

C (D ) and Rel C (D ) , computed this way, consider only dependency 

n multidimensional feature space and do not take into account the 

elevance of individual attributes, they fail to identify relevant fea- 

ures [41,43] . In order to identify relevant as well as complemen- 

ary features, the union of m individual (c × n ) matrices { L (A k ) } ,
orresponding to m condition attributes, is considered, which is as 

ollows: 

˜ 
 (C ) = 

⋃ 

A k ∈ C 
L (A k ) ; (37) 

nd corresponding relevance Rel C (D ) is computed from 

˜ L (C ) using 

36) . Obviously, 

el {A k , A l } (D ) ≥ max { Rel A k (D ) , Rel A l (D ) } . (38) 

. Experimental results and discussions 

This section presents the performance of the proposed descrip- 

or selection method for HEp-2 cell image classification, along with 

 comparison with related approaches. The methods compared 

re several local texture descriptors, namely, LBP [16] , LBP ri [17] , 

BP riu2 [17] , CoALBP [18] , CLBP [19] , and RICLBP [20] , as well as 

everal state-of-the-art methods for HEp-2 cell classification. The 

erformance of different methods is also compared with respect 

o various scales of LBP neighborhood such as 1 ( S 1 ), 2 ( S 2 ), 3

 S 3 ), 4 ( S 4 ), S 123 : concatenation of ( S 1 , S 2 , S 3 ), and S 124 : concate-

ation of ( S 1 , S 2 , S 4 ). The 4-neighborhood is used for CoALBP and

ICLBP, while for others 8-neighborhood is considered. The SVM 

39] is used to evaluate the performance of different local texture 

escriptors. Both training-testing and ten-fold cross-validation (CV) 

re performed to compute the classification accuracy. The compar- 

tive performance analysis of different algorithms is also studied 

sing tables of means, medians, standard deviations, and p -values 

omputed through paired- t and Wilcoxon signed-rank tests, con- 

idering 95% confidence level. All the methods are run in Ubuntu 

8.04.2 LTS environment having machine configuration Intel core 

7 64-bit processor, 3.40 GHz, and 64 GB DDR4 RAM, and without 

ny GPU. The source code of the proposed method is available at 

ttp://www.isical.ac.in/ ∼bibl/results/rough-bayes/roughbayes.html . 

.1. Description of data sets 

Three HEp-2 cell image databases, namely, MIVIA database 

ICPR 2012 HEp-2 cell classification contest data set) [44] , ICPR im- 

ge database (ICPR 2014 HEp-2 cell classification contest data set) 

38] , and SNP HEp-2 database [7] , are considered for the evaluation 

f the proposed method as well as related existing approaches. 

he cell images of the above three data sets were captured in dif- 

erent laboratory settings. For instance, SNP HEp-2 used objective 

ens magnitude 20 ×, while MIVIA HEp-2 used 40 ×. The MIVIA 

atabase contains 1455 cells obtained from 28 images: 721 training 

ell images and 734 test cell images. Six staining pattern classes, 

http://www.isical.ac.in/~bibl/results/rough-bayes/roughbayes.html
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. 
amely, Cytoplasmic, Fine Speckled, Nucleolar, Coarse Speckled, 

omogeneous, and Centromere, are considered in this case. The 

CPR database contains the set of 13,596 HEp-2 cell images, which 

s partitioned into 6797 training and 6799 test cell images. The 

ell images belong to six different patterns, namely, Centromere, 

omogeneous, Nucleolar, Speckled, Nuclear Membrane, and Golgi. 

he SNP database contains 1806 labelled cell images obtained from 

orty slide images: 869 training images and 937 test images. The 

amples are grouped into five pattern classes, namely, Centromere, 

omogeneous, Fine Speckled, Coarse Speckled and Nucleolar. Each 

f the three sets of 1455, 13596, and 1806 cell images of MIVIA, 

CPR, and SNP databases, respectively, is also split into ten sepa- 

ate folds for ten-fold CV. In both training and test sets as well as 

n ten folds, the cell images are almost equally distributed with re- 

pect to different staining pattern classes. 

.2. Optimum values of different parameters 

The performance of the proposed modality selection method 

epends on the values of both δ and α. While δ controls the re- 

ion of uncertainty due to overlapping class boundaries between 

wo pattern classes and inexactness in class definition, α imposes 

n explicit limitation on the admissible level of classification er- 

or. To find out the optimum value of δ, extensive experiment is 

arried out on three HEp-2 image databases by varying the values 

f δ from 0.00 to 0.95 and corresponding results are presented in 

rst graph of Fig. 4 . From the results reported in Fig. 4 , it is seen

hat the performance of the proposed method increases with the 

ncrease in value of δ upto 0.40, irrespective of the databases and 

xperimental setup used. For δ > 0 . 40 , the performance remains 

lmost constant in all the cases. So, the optimum value of δ is con- 

idered as 0.40. It ensures that an object definitely belongs to one 

f the staining pattern classes if its probability of belongingness in 

hat class is at least 0.70. 

Keeping the value of δ at 0.4, α is varied from 0.00 to 0.45 and 

he corresponding results are plotted in middle graph of Fig. 4 . All 

he results reported in Fig. 4 reveal that the stable performance 

f the algorithm is obtained for medium values of α and consid- 

rable classification accuracy is achieved at α = 0 . 30 for all the 

hree databases, irrespective of experimental setup used. Hence, 

he value of α is considered to be 0.30 for the rest of the study. 

he optimum values of α = 0 . 3 and δ = 0 . 4 ensure that an object

an be classified to one of the staining pattern classes with classifi- 

ation error not greater than 0.3, if its probability of belongingness 

n that class is at least 0.7. 

The SVM [39] with linear kernel is used to analyze the perfor- 

ance of the proposed method. It is based on supervised statistical 

earning theory which tries to obtain an optimized hyperplane in 

he kernel space by maximizing the margin and minimizing the 

lassification error between the given classes. The robust perfor- 

ance of the SVM is achieved by properly adjusting the param- 

ter C, known as the penalty parameter in the kernel function. 

or large value of C, error minimization is predominant, that is, 

he optimization will choose a hyperplane with smaller margin so 

hat all the training samples are correctly classified. Conversely, if 

he value of C is small, then margin maximization is emphasized, 

ven if more training samples are misclassified. So, in the proposed 

ethod, exhaustive search is conducted on a finite set of values 

f C, ranging from 10 −5 to 10 5 , and the corresponding results are 

eported in last graph of Fig. 4 . From the results, it can be ob-

erved that for C > 0 . 01 , the performance of the proposed method

emains constant. So, the optimum value of C is set at an interme- 

iate value, which is 1 in this case. 
10 
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Fig. 4. Variation of classification accuracy for different values of δ, α and C. 

Fig. 5. Performance of proposed method with and without S function and threshold for training-testing. 
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.3. Effectiveness of difference operator and threshold 

Prior to selecting relevant local texture descriptors under ap- 

ropriate scales, the proposed method takes care of the presence 

f noisy pixels in an HEp-2 cell image as well as noisy images 

n a staining pattern class. The proposed approach considers the 

econd-order derivative of S function and class specific threshold, 

ntroduced in (1) and (9) , respectively, to make itself insensitive to 

oisy pixels and noisy images. In order to establish the importance 

f both S function and threshold, extensive experiment is carried 

ut on three HEp-2 cell image databases. Fig. 5 and Table 4 com- 

are the performance of the proposed method with and without 

function and class specific threshold. The Method_1 is the pro- 

osed method without using both second-order derivative of S
unction and threshold, while Method_2 is the proposed method 

ithout using only class specific threshold. All the results reported 

n Fig. 5 and Table 4 establish the fact that the introduction of both

function and threshold helps to identify class specific relevant 

eatures. While the second-order derivative of S function helps to 

liminate the effect of noisy pixels present in HEp-2 cell images, 

he class specific threshold takes care of the presence of noisy im- 

ges in staining pattern classes. In effect, the proposed method 

btains comparable classification accuracy, in both training-testing 

nd 10-fold CV, with significantly lesser number of features com- 

ared to both Method_1 and Method_2. 

.4. Importance of class-Pair specific modalities 

In general, the existing approaches, based on local texture de- 

criptors, consider a fixed set of modalities for all the HEp-2 cell 

lasses, where each modality corresponds to a specific local tex- 

ure descriptor considered under a particular scale. However, the 

roposed method assumes that a fixed set of modalities may not 

e useful for all the classes. Rather, class-pair specific modalities 

hould be considered while analyzing HEp-2 cell images. 

To establish the effectiveness of class-pair specific modalities 

ver uniform modalities for all the classes, extensive experiment 

s carried out on three HEp-2 cell image databases, considering fif- 
11 
een modalities corresponding to LBP, LBP ri , LBP riu2 , and CoALBP, 

long with their four scales. Fig. 6 and Table 5 present the com- 

arative performance analysis for single and multiple modalities. 

rom the results reported in top row of Fig. 6 for single modal- 

ty, it can be seen that the proposed method attains highest clas- 

ification accuracy of training-testing in most of the cases. Simi- 

arly, all the results reported in bottom row of Fig. 6 , corresponding 

o three modalities, confirm that the proposed method achieves 

ighest classification accuracy in all the cases. The results reported 

n Table 5 , corresponding to 10-fold CV, show that the proposed 

ethod obtains highest mean and median values, irrespective of 

he databases and number of modalities used. Also, it attains sig- 

ificantly better results in all 132 cases, irrespective of statistical 

ignificance tests. 

In order to establish the effectiveness of the proposed approach 

nder other sets of modalities, Fig. 7 and Table 6 compare the per- 

ormance of the proposed method with that of individual modal- 

ties, where the proposed method signifies selection of class-pair 

elevant modality from the following different sets of modalities: 

a) a set of six modalities - Gabor features, gray level co-occurrence 

atrix (GLCM), histogram of oriented gradients (HOG), local phase 

uantization (LPQ), binarized statistical image features (BSIF), and 

eep features extracted using CNN [27] ; (b) a set of four modal- 

ties - LPQ under four scales or window sizes; (c) a set of four 

odalities - BSIF under four scales; (d) a set of eight modali- 

ies - sign (S) and magnitude (M) components of LBP ri under four 

cales; (e) a set of three modalities - deep features extracted at 

hree layers of CNN [27] ; and (f) a set of seven modalities - CLBP

nder four scales and RICLBP at three scales. From all the re- 

ults reported in Fig. 7 and Table 6 , it is seen that the proposed

ethod is able to identify single relevant modality for each class- 

air, irrespective of descriptors and scales, as well as sign and 

agnitude components of a descriptor. Also, the accuracy is sig- 

ificantly increased if class-pair specific modality is considered in- 

tead of considering a fixed modality for all the classes. Out of total 

92 cases, the proposed method achieves statistically significant p- 

alues in 176 cases and better but not significant p-values in 11 

ases. 
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Fig. 6. Performance of several local texture descriptors under different scales and proposed method at single (top row) and multiple (bottom row) modalities for training- 

testing. 

Fig. 7. Performance of the proposed method at single modality considering different sets of descriptors. 
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.5. Comparative performance analysis 

Finally, the performance of the proposed method is extensively 

ompared with that of several state-of-the art methods for texture 

lassification and HEp-2 cell staining pattern recognition. For the 

roposed method, single modality corresponding to each class-pair 

s considered from the set of seven modalities, namely, CLBP under 

our scales and RICLBP at three scales. Results are reported with re- 

pect to overall classification accuracy (OCA), mean class accuracy 

MCA) and execution time (in second). 

.5.1. Texture classification methods 

This section compares the performance of the proposed de- 

criptor selection method with that of several state-of-the art tex- 

ure classification methods, namely, dominant LBP (DLBP) [25] , dis- 

riminative features for texture description (DFTD) [45] , restricted 

oltzmann machine (RBM) [46] , discriminative deep Belief net- 

orks (disDBN) [26] , CNN [27] , deep encoding pooling (DEP) [47] , 

nd CNN_mRMR - a deep architecture combining CNN and min- 

mum redundancy-maximum relevance (mRMR) framework [48] . 

esults are reported in Table 7 on three HEp-2 cell databases for 
12 
raining-testing. The performance of both DLBP and DFTD is evalu- 

ted for S 123 and S 124 . While DLBP considers dominant features of 

BP histogram [25] , DFTD takes into account LBP ri features to form 

he discriminative set [45] . The SVM with linear kernel is used 

or staining pattern classification in all the cases. All the results 

eported in Table 7 establish the fact that the proposed method 

ttains highest values of both OCA and MCA, irrespective of the 

atabases used. Also, the execution time required by the proposed 

ethod is significantly lower than that of state-of-the-art deep 

earning based texture classification methods. 

.5.2. HEp-2 Cell classification methods 

This section compares the performance of the proposed HEp-2 

ell staining pattern recognition method with that of several state- 

f-the art staining pattern classification methods, namely, RICLBP 

20] , Fisher tensor (FT) [14] , automated pattern recognition system 

APRS) [49] , deep CNN model of Gao et al. (deepCNN) [33] , dual

onvolutional auto-encoder (DCAE) [30] , CNN using several pre- 

rocessing techniques (CNNPT) [32] , deep CNN model of Jia et al. 

DCNN) [31] , and deep cross residual network (DCRNet_v2) [50] . 

orresponding results are reported in Table 8 with respect to OCA, 
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Table 5 

Comparative Performance Analysis at Single and Multiple Modalities for 10-Fold CV. 

Different Different MIVIA SNP ICPR 

Descriptors Scales Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p 

LBP S 1 74.01 74.49 2.44 1.10E-09 2.53E-03 60.71 60.93 7.82 1.25E-07 2.47E-03 57.44 56.31 8.26 8.50E-08 2.53E-03 

S 2 83.33 83.33 3.52 6.04E-06 2.53E-03 64.48 65.85 8.32 5.23E-07 2.50E-03 67.33 67.35 6.79 7.38E-07 2.53E-03 

S 3 82.45 81.63 2.46 7.20E-07 2.52E-03 66.50 67.49 7.54 2.39E-04 4.67E-03 72.12 72.52 5.02 4.08E-07 2.53E-03 

S 4 81.43 81.29 2.81 1.60E-07 2.47E-03 68.47 66.39 5.55 1.33E-04 3.37E-03 70.01 68.31 5.25 4.59E-07 2.53E-03 

LBP ri S 1 66.80 66.67 3.06 2.93E-12 2.50E-03 62.90 64.75 10.16 3.36E-06 2.52E-03 54.35 55.72 6.70 1.73E-08 2.53E-03 

S 2 79.73 80.61 4.18 2.87E-07 2.52E-03 72.57 74.86 7.09 1.17E-03 4.67E-03 64.82 66.03 7.07 5.43E-07 2.53E-03 

S 3 83.61 82.99 2.45 1.26E-08 2.45E-03 73.88 73.50 6.23 3.81E-03 8.30E-03 67.34 66.69 7.22 3.12E-06 2.53E-03 

S 4 81.63 81.63 2.36 1.10E-07 2.50E-03 73.39 71.59 6.01 8.12E-04 4.67E-03 69.84 68.97 6.48 2.90E-06 2.53E-03 

LBP riu 2 S 1 68.84 68.03 3.64 6.21E-09 2.52E-03 63.11 63.66 10.38 1.77E-07 2.53E-03 53.40 54.29 7.36 2.37E-08 2.53E-03 

S 2 78.50 78.91 3.71 4.34E-08 2.52E-03 70.00 70.22 8.51 1.83E-05 2.52E-03 60.62 60.60 5.20 1.39E-09 2.52E-03 

S 3 82.52 83.67 4.95 2.96E-05 2.52E-03 69.89 69.67 7.90 1.66E-05 2.53E-03 63.72 64.64 5.53 6.15E-08 2.53E-03 

S 4 83.67 85.03 4.16 7.15E-05 2.52E-03 69.73 69.95 10.13 1.27E-05 2.50E-03 62.52 63.50 7.38 3.86E-06 2.53E-03 

CoALBP S 1 88.23 88.44 2.20 2.15E-06 2.46E-03 69.29 71.31 7.66 1.12E-05 2.53E-03 68.88 67.20 6.86 1.88E-06 2.53E-03 

S 2 89.66 89.12 2.26 1.05E-04 2.50E-03 69.34 69.40 7.15 2.09E-06 2.53E-03 73.55 73.04 4.97 9.97E-07 2.53E-03 

S 4 83.06 83.33 3.18 1.84E-06 2.52E-03 57.16 57.10 4.94 1.67E-06 2.53E-03 70.62 69.85 3.79 2.61E-07 2.53E-03 

Proposed (Single) 93.95 93.20 1.55 80.60 81.69 8.48 83.04 81.95 3.05 

LBP S 123 88.23 88.44 3.29 2.43E-04 2.53E-03 74.15 74.04 5.28 1.44E-04 2.52E-03 74.46 72.74 5.21 1.08E-06 2.53E-03 

S 124 88.78 89.12 2.43 9.19E-05 2.47E-03 76.61 77.60 5.69 4.87E-04 3.98E-03 74.83 73.40 5.54 5.30E-06 2.53E-03 

LBP ri S 123 86.46 86.73 3.21 1.18E-05 2.52E-03 78.14 78.14 5.83 1.21E-02 1.60E-02 77.19 78.28 3.93 3.50E-05 2.53E-03 

S 124 85.37 85.71 1.85 8.83E-07 2.52E-03 78.91 77.32 5.19 9.92E-03 1.42E-02 74.03 75.46 4.64 5.71E-06 2.53E-03 

LBP riu 2 S 123 85.92 86.05 2.66 1.28E-07 2.52E-03 76.89 77.87 7.56 2.04E-03 6.26E-03 70.13 69.99 4.38 1.81E-08 2.53E-03 

S 124 86.67 87.07 3.32 1.49E-06 2.53E-03 78.63 78.14 7.33 5.82E-03 1.09E-02 71.60 71.06 4.38 1.03E-05 2.53E-03 

CoALBP S 124 92.04 92.18 2.57 2.49E-03 4.56E-03 80.22 80.87 6.36 2.13E-02 1.82E-02 83.35 83.05 3.70 3.30E-02 4.63E-02 

Proposed (Three) 94.83 94.90 1.93 82.02 82.02 81.42 6.32 84.06 83.75 3.24 

1
3
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Table 6 

Comparative Performance Analysis of Different Descriptors at Single Modality for 10-Fold CV. 

Different Different MIVIA SNP ICPR 

Descriptors Scales Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p 

Gabor 32.04 32.65 3.31 7.43E-12 2.53E-03 31.15 30.60 5.49 1.25E-10 2.53E-03 36.48 43.18 11.23 4.30E-09 2.53E-03 

GLCM 53.40 53.74 4.08 1.04E-09 2.53E-03 53.17 53.28 12.06 9.49E-06 2.53E-03 41.30 45.38 11.83 3.73E-08 2.53E-03 

HOG 42.72 43.20 4.34 2.37E-09 2.52E-03 54.10 56.01 10.20 4.74E-08 2.52E-03 36.82 38.66 5.43 7.29E-12 2.53E-03 

LPQ 75.92 76.19 2.59 4.99E-06 2.53E-03 65.25 63.66 6.80 1.50E-05 2.53E-03 63.97 65.04 10.38 5.26E-06 2.53E-03 

BSIF 79.66 80.95 3.21 2.35E-05 2.53E-03 66.99 68.58 9.63 1.01E-04 2.53E-03 66.02 66.84 8.39 5.48E-07 2.53E-03 

CNN 76.53 77.89 4.39 1.75E-06 2.47E-03 68.58 64.75 9.27 8.63E-06 2.53E-03 70.60 70.98 7.64 2.42E-06 2.53E-03 

Proposed 89.12 89.80 3.53 81.64 81.15 6.42 76.52 77.06 6.45 

LPQ 3 × 3 75.92 76.19 2.59 1.63E-08 2.46E-03 65.25 63.66 6.80 9.22E-03 1.09E-02 63.97 65.04 10.38 1.20E-05 2.53E-03 

LPQ 5 × 5 78.44 77.55 4.11 1.78E-05 2.53E-03 66.78 66.94 7.54 9.90E-02 1.93E-01 69.05 70.95 7.88 2.72E-06 2.53E-03 

LPQ 7 × 7 79.59 80.27 2.62 8.29E-08 2.52E-03 71.86 72.68 8.30 4.78E-01 5.61E-01 71.33 70.80 7.27 5.44E-06 2.53E-03 

LPQ 9 × 9 78.98 78.57 3.52 6.21E-08 2.52E-03 69.51 67.76 7.17 3.00E-01 3.23E-01 71.99 71.42 8.13 3.58E-03 6.26E-03 

Proposed 89.18 89.12 2.23 74.64 73.77 6.06 75.63 75.31 6.59 

BSIF 3 × 3 79.66 80.95 3.21 9.31E-08 2.52E-03 66.99 68.58 9.63 7.36E-06 2.52E-03 66.02 66.84 8.39 1.36E-06 2.53E-03 

BSIF 5 × 5 85.78 85.37 2.09 5.81E-08 2.47E-03 70.00 68.03 5.73 6.60E-06 2.52E-03 72.76 72.63 5.63 1.81E-07 2.53E-03 

BSIF 7 × 7 85.92 86.73 3.19 1.94E-05 2.52E-03 74.32 72.13 5.94 6.20E-04 2.50E-03 75.22 73.70 5.46 8.23E-06 2.53E-03 

BSIF 9 × 9 83.33 82.99 2.89 5.93E-07 2.52E-03 70.66 67.76 7.23 1.26E-05 2.46E-03 75.55 74.14 6.00 3.14E-04 2.53E-03 

Proposed 93.95 93.54 1.85 80.00 79.78 6.68 80.70 79.82 4.63 

( continued on next page ) 

1
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Table 6 ( continued ) 

Different Different MIVIA SNP ICPR 

Descriptors Scales Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p Mean Median StDv Paired- t :p Wilcoxon:p 

LBP ri _S S 1 66.80 66.67 3.06 1.24E-09 2.52E-03 62.90 64.75 10.16 4.38E-05 2.53E-03 59.61 59.26 2.63 3.67E-08 2.53E-03 

LBP ri _S S 2 79.73 80.61 4.18 2.47E-05 2.50E-03 72.57 74.86 7.09 1.61E-04 2.52E-03 67.55 68.19 1.82 5.64E-07 2.53E-03 

LBP ri _S S 3 83.61 82.99 2.45 1.80E-05 2.52E-03 73.88 73.50 6.23 5.47E-05 2.53E-03 69.23 69.15 1.92 9.89E-07 2.53E-03 

LBP ri _S S 4 81.63 81.63 2.36 5.34E-07 2.50E-03 73.39 71.58 6.01 2.72E-05 2.52E-03 72.04 71.76 2.07 2.98E-06 2.53E-03 

LBP ri _M S 1 67.62 68.37 5.01 5.87E-08 2.53E-03 63.17 65.57 11.77 1.49E-04 2.53E-03 54.58 55.58 5.69 7.82E-09 2.53E-03 

LBP ri _M S 2 80.41 79.25 3.22 1.09E-06 2.50E-03 71.86 71.04 7.59 1.29E-04 2.52E-03 65.79 65.22 9.04 7.61E-07 2.53E-03 

LBP ri _M S 3 79.05 77.89 4.10 4.57E-06 2.52E-03 75.25 72.40 8.34 1.08E-03 3.46E-03 68.04 67.46 8.81 2.90E-06 2.53E-03 

LBP ri _M S 4 75.24 74.83 4.75 2.26E-06 2.52E-03 76.94 76.23 4.29 7.89E-05 2.53E-03 69.82 67.98 7.11 4.61E-07 2.53E-03 

Proposed 90.00 90.14 1.70 84.59 84.43 3.65 87.21 86.13 4.10 

Layer 1 82.79 81.97 3.19 4.85E-07 2.52E-03 75.30 75.41 6.80 1.22E-05 2.53E-03 73.83 72.96 4.33 1.17E-07 2.53E-03 

CNN Layer 2 87.21 87.41 2.72 2.82E-05 2.53E-03 78.20 77.05 6.29 2.18E-06 2.50E-03 74.64 74.17 4.43 8.28E-07 2.53E-03 

Layer 3 76.53 77.89 4.39 2.12E-07 2.52E-03 68.58 64.75 9.27 1.20E-05 2.53E-03 70.60 70.98 7.64 5.45E-06 2.52E-03 

Proposed 94.42 94.56 1.46 87.05 87.16 4.25 84.72 84.30 2.91 

CLBP S 1 88.57 88.44 3.17 8.09E-05 2.53E-03 78.58 77.87 7.28 5.51E-01 8.44E-02 74.87 76.96 7.37 4.29E-06 2.53E-03 

CLBP S 2 90.95 91.16 3.04 6.11E-04 3.46E-03 82.02 81.69 5.22 7.38E-01 1.20E-01 81.88 81.33 4.10 1.70E-07 2.53E-03 

CLBP S 3 90.61 90.14 1.50 2.99E-07 2.49E-03 81.80 80.60 7.09 7.30E-01 2.22E-01 85.48 84.19 4.11 1.60E-05 2.53E-03 

CLBP S 4 90.34 90.48 1.86 2.63E-06 2.50E-03 80.66 77.87 6.21 6.76E-01 1.31E-01 85.52 84.67 3.32 1.42E-05 2.53E-03 

RICLBP S 1 87.62 87.76 2.58 1.64E-06 2.49E-03 72.62 72.40 8.00 2.60E-01 3.72E-02 70.59 69.88 7.30 4.54E-07 2.53E-03 

RICLBP S 2 88.03 88.10 2.36 7.04E-07 2.49E-03 70.38 68.58 8.06 1.49E-01 3.72E-02 74.95 73.55 4.11 8.35E-10 2.53E-03 

RICLBP S 4 84.22 84.35 2.95 6.43E-07 2.53E-03 57.60 57.10 3.96 5.95E-03 3.72E-02 69.99 69.04 4.99 2.01E-08 2.53E-03 

Proposed 96.60 96.60 1.73 77.65 84.15 21.15 90.11 89.10 2.50 

1
5
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Table 7 

Performance Analysis of Proposed Approach and Different Texture Classification Methods. 

Different MIVIA SNP ICPR 

Methods OCA MCA Time OCA MCA Time OCA MCA Time 

DLBP, S 123 50.00 51.41 2.33 44.18 44.27 2.76 57.42 53.80 67.30 

DLBP, S 124 50.95 52.08 2.34 41.30 41.34 2.54 56.45 53.67 67.30 

DFTD, S 123 55.45 55.61 1.13 49.20 49.19 1.46 71.72 70.21 58.96 

DFTD, S 124 57.49 57.95 1.14 52.19 52.05 1.48 73.03 71.56 58.96 

RBM 33.51 29.08 2826.39 47.49 47.38 3209.72 67.58 67.47 4558.93 

disDBN 60.33 57.56 3114.46 54.66 52.69 7195.57 74.75 74.86 8889.01 

CNN 46.87 39.39 2538.84 62.54 62.58 2888.41 69.57 69.33 18748.66 

DEP 62.40 63.71 18353.64 57.20 56.38 22795.76 80.06 79.41 84428.37 

CNN_mRMR 57.36 59.42 24631.54 50.48 49.46 27573.80 81.72 81.24 96925.61 

Proposed 65.40 66.73 58.59 67.56 67.49 66.38 92.79 92.18 762.75 

Table 8 

Performance Analysis of Proposed Approach and Different HEp-2 Cell Classification Methods. 

Different MIVIA SNP ICPR 

Methods OCA MCA Time OCA MCA Time OCA MCA Time 

RICLBP 63.49 64.67 17.98 63.82 63.82 14.56 83.91 81.70 179.85 

FT 46.87 51.31 6374.39 48.03 48.01 3808.18 79.03 75.67 12820.44 

APRS 54.90 52.61 - 53.79 53.60 - ∗ ∗ - 

deepCNN 64.03 64.17 2527.28 70.44 70.55 2875.60 84.95 84.63 18604.08 

DCAE 42.64 46.52 8532.00 41.62 41.58 9120.96 62.49 62.91 57565.31 

CNNPT 50.32 48.77 29999.30 47.28 46.41 35537.22 84.80 84.72 97760.40 

DCNN 46.19 49.53 5278.31 46.21 45.13 6221.17 68.50 68.93 48444.35 

DCRNet_v2 66.49 66.99 12539.98 52.29 51.32 13947.27 87.20 85.60 871304.30 

Proposed 65.40 66.73 58.59 67.56 67.49 66.38 92.79 92.18 762.75 
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CA and execution time (in second). While RICLBP, FT, and APRS 

ethods rely on handcrafted features, other approaches consider 

eatures extracted using deep architectures for HEp-2 cell classifi- 

ation. From the results presented in Table 8 , it can be seen that

he proposed method for HEp-2 cell staining pattern recognition 

utperforms several state-of-the-art methods on all the three data 

ets, irrespective of the quantitative indices used. However, deep- 

NN [33] performs better than the proposed method only on SNP 

atabase, while DCRNet_v2 [50] attains slightly higher accuracy on 

IVIA database. 

It is worth mentioning here that APRS [49] considers the set 

f all 13,596 images of ICPR data set to train the model, which 

ncludes the entire set of 6799 test images considered in the cur- 

ent study. So, the performance of APRS on ICPR data cannot be 

valuated, and hence, corresponding entries are denoted by “∗” in 

able 8 . To compare the performance of the proposed method with 

hat of APRS on ICPR data, the HEp-2 cell images of Task 2 set of

CPR 2014 contest are used as test set. For Task 2, 1008 specimen 

mages, belonging to seven HEp-2 cell classes, are made available. 

n [49] , few cells from the specimen images have been extracted. 

mong them, 5032 cell images, along with the corresponding an- 

otations, are shared by the authors of [49] for comparative per- 

ormance evaluation. The APRS method achieves 82.05% OCA and 

3.04% MCA on Task 2 data set, while the proposed method attains 

2.48% OCA and 73.04% MCA. As the training model of APRS is pro- 

ided by the authors of [49] , the corresponding execution time, de- 

oted by “-”, is ignored in Table 8 . 

The better performance of the proposed method is achieved 

ue to the fact that it considers class-pair specific modalities for 

nalyzing HEp-2 cell images, rather than considering a fixed set of 

odalities for all the staining pattern classes. A set of dominant 

eatures is extracted under each modality, based on the probabil- 

ty of texture pattern occurrence, which makes the proposed algo- 

ithm insensitive to noisy HEp-2 cell images. Moreover, the pro- 

osed approach employs rough sets and Bayes decision theory to 
d

16 
valuate the relevance of each modality. While former deals with 

he uncertainty due to inexactness, vagueness, and incomplete- 

ess in HEp-2 class definition, latter addresses the uncertainty due 

o overlapping class boundaries. In effect, the proposed method 

rovides significantly better performance as compared to existing 

ethods. 

. Conclusion and future directions 

The major contribution of this paper is three-fold, namely, (i) 

evelopment of a method to select a set of relevant texture de- 

criptors under appropriate scales for HEp-2 cell pattern classifi- 

ation; (ii) introducing a new relevance measure, based on judi- 

ious integration of variable precision rough sets and Bayes deci- 

ion theory; and (iii) demonstrating the effectiveness of the pro- 

osed method on several benchmark HEp-2 cell image databases. 

The proposed descriptor selection method first selects local tex- 

ure descriptors under appropriate scales for a class-pair, and then 

orms the final feature set for multiple classes from the set of de- 

criptors of all possible pairs of classes. To judge the quality of 

 descriptor and/or scale, the theory of rough sets is judiciously 

ntegrated with Bayes decision theory. To make the proposed de- 

criptor selection method insensitive to noisy pixels present in an 

Ep-2 cell image and noisy HEp-2 cell images in a staining pat- 

ern class, the concept of significant descriptors of an HEp-2 cell 

mage and a staining pattern class has been introduced. Finally, 

he SVM with linear kernel is used to predict the class of HEp-2 

ell images. The performance of the proposed approach is exhib- 

ted on three benchmark HEp-2 cell image databases, along with a 

omparative study with state-of-the-art methods. For three HEp-2 

ell data sets, significantly better results are found for the proposed 

ethod compared to several existing methods. 

The results obtained on different HEp-2 cell image databases 

emonstrate that the proposed method is capable of identifying 

iscriminative and significant textural features under appropriate 
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cales that may contribute to revealing the underlying staining 

attern class structures. The method is only used for HEp-2 cell 

taining pattern classification problem. In future, this method will 

e extended to other texture classification tasks, and further its 

erits and limitations will be evaluated. Other texture descrip- 

ors will also be considered to study whether incorporation of new 

escriptors can improve the staining pattern recognition rate. The 

roposed method will also be applied on other HEp-2 cell image 

atabases such as AIDA database [51] in near future. A method will 

e developed based on some quantitative measures to find out the 

ptimum values of different parameters of the proposed method. 
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