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Abstract 
 

Automated tissues characterization helps to diagnosis the various diseases including Interstitial lung diseases (ILD). The various features 

and the several classifiers are used in categorize the different layers depend on the pattern presented in the image. The different types of 

diseases may occur in the lungs and some of the diseases happen to leave the scars. These scars can be found in the High Resolution 

Computed Tomography (HRCT) and have different pattern. The different diseases cause the different pattern in the images and these is 

classified using the efficient classifier that helps to diagnosis the diseases. In this paper, review for the many researches regarding to the 

classification of the different pattern from the Computed Tomography (CT) images is presented. The evaluation of the efficiency of the 

methods in terms of classifier and database used for the research is made. The Deep Convolution Neural Network (CNN) provides the 

promising classifier efficiency compared to the other researches for different pattern. In general, there are five types of pattern is classi-

fied: Healthy, ground glass, honeycomb, Fibrosis, and emphysema. 
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1. Introduction 

Interstitial lungs disease (ILD) is kind of inflammation happens in 

the lungs that make severe scaring in lungs tissues. This types of 

disease will affect the tissues and space around air sacs in lungs 

[1]. This causes the series of scares in the lungs that can cause 

difficulty in breathing. This causes the stiffness in lung tissues, 

which lead to reduce the capacity of the lungs to carry oxygen to 

the blood [2]. The major cause of ILD are genetic abnormalities, 

autoimmune disease and exposed to hazard environments and ILD 

cannot be diagnosed by the process of radiology [3]. The different 

ILD patter contains the similar clinical manifestation with each 

other, which are heterogeneous diseases. The diagnosis of the 

diseases based on the different ILD pattern of radiological data is 

difficult even for the experienced physician [4]. Then the biopsy 

process is used to diagnosis the diseases and this has the bad effect 

in the health, also increases the cost for surgery [5], [6]. The com-

puter aided diagnosis (CAD) method uses the classification for the 

diagnosis the diseases depend on the pattern of the image. 

The use of automated classification system for the identification of 

scares in the lungs is becoming important diagnosis process in 

CAD. Many classification method is proposed for the ordering of 

lung scars in CT [7]. HRTC is the popular tool for diagnosis by 

using detection and characterizing numerous disorder of lungs [8]. 

The texture and shape of the diseases presented in lung images is 

useful for finding the lung diseases that relates to the disease pa-

thology [9]. Several lung diseases classification techniques have 

been analyzed for disease differentiation [10]. In this paper, the 

analysis is done on the research present in classification of ILD 

based on the feature of HRCT. The latest research is considered 

for the investigation of classifier performance in class of identify-

ing the lung diseases based on the scares of the lungs. The Deep 

CNN provides the better classification based on the different pat-

tern of the ILD in the HRCT. From the research of M. Ajin and L. 

Mredhula [31], the several classifiers are used such as ANN, KNN 

etc., and the Kernel based SVM provides the better result com-

pared to the other classification methods. 

2. Research methodology 

The method involves of two steps, the first one would extended 

the limited labels from the dataset to all the pixel in the lung re-

gion. The multi-class image segmentation and labelling helps to 

analysis the all possible way to identify the ILD pattern from the 

given part of whole lung slice, which is taken manually. The pair-

wise potentials builds from the fully attached Conditional Random 

Field (CRF) to the pairs of pixels in the image [11]. The optimiza-

tion of the CRF is conducted while passing the message that natu-

rally handles the multi-class labelling. The unary energies of the 

CRF are learned from the CNN-based image patch labelling. The 

disease part of the images is manually taken from the images by 

the radiologists are also included in the CRF as hard constraints. 

The second phase predicting the multiple labels simultaneously on 

the same slice and is processed in the database. The two variation 

of the multi-label deep CNN regression for better performance 

[12]. First multi-label regression is trained in an end-to-end CNN 

network, which reduces the loss function in order to calculate the 

exact pixel present per ILD class. At the second, the feature maps 

convolutional activation at various network layers are formed 

spatially and this encode using Fisher Vectors (FV) methods. The 
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spatial configuration of the convolution activations is removed by 

this encoding method and turned into representations of location-

invariant, this types of CNN is called FV-CNN. The unorderly 

features are present are trained using multivariate linear regressor 

to regress the number of ILD pixel [13]. The segmentation is done 

for the fivefold cross-validation (CV) to identify the general ILD 

classes of honeycomb, Fibrosis, emphysema and ground glass 

[14], [15], [16]. The overview of the detection of the ILD from the 

database is shown in the figure 1 with ROI segmentation and la-

beling. 

 
Fig. 1: Overview of the detection of ILD 

 

2.1 Segmentation Label Propagation 

The Maximum a posteriori (MAP) interpretation in a CRF is allo-

cated as pixel, which is formulated by the segmentation problem 

[17]. An effective completely connected with CRF method is con-

sider the account of the long-range image interactions [18], [19]. 

The conditional distribution from the class labelling X in the 

image from the database is presented by using CRF method. Let 

assume as a X  random field allocated over the set of variables 

1{ ,..., },N iX X X X linked with all the pixel i V and obtain the 

label set 1{ ,..., }kL l l of label categories. The labelling of X  is 

derived from the images with MAP determination of log-

likelihood: 
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Where i  and j  values from 1toN , ( )u ix is unary potential, is 

calculated separately by using CNN classifier for every pix-

el/patch. The pairwise potentials in this model have the method. 
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Where i jf and f denoted as the feature vector in an arbitrary fea-

ture space of the pixel iand j , the compatibility function is given 

as u and the linear combination weights ( )m . 

The two-kernel potentials are used in this method, denoted in 

manner of the CT attenuation vectors i jI and I and their respective 

positions are i jp and p : 
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From the equation (5), the appearance kernel is given in the first 

term, which shows the affinity of neighbor pixel with same level 

of attenuation in the CT and smoothness of the kernel is produced 

by the second term that removes the small isolated regions.  The 

parameters of , ,     are used to change the closeness and 

similarity, and the message passing algorithm is used to make the 

efficient approximation of the interferences of fully connected 
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random field [20], [21]. The message is passed for every iteration 

functions, message passing, a local update, and compatibility 

transform can be implemented applying the Gaussian filtering 

technique in feature space [22]. In the count of variables N and the 

count of sublinear edges, the complexity is reduced form quadratic 

to linear is shown in figure 2. 

 

 
Fig. 2: The segmentation of images by using CNN classifiers and their results. (a) three channel of different HU window with RGB value, (b) Annotated 

ROI, (c) Annotated lung mask, (d) CNN classifier at the spatial interval of 10 pixels, (e) Final result image. 

 

2.2 Unary classifier using CNN 

There are several works are present in the classification of ILD 

using pattern classification and few researches focuses on image 

patch based classification using hand-crafted or CNN learned 

features. The five common patterns classified in the ILD segmen-

tation are fibrosis, ground glass, micronodules, emphysema and 

healthy tissues as shows in figure 3. The size of the patch images 

are 32×32 pixels present within the ROI annotations range. The 

five patterns are extracted from the images and trained into the 

CNN classifier. The most common CNN AlexNet model utilize 

the image patch dataset is trained on ImageNet in order to fine-

tune. The image patch size is increased from 32×32 to 224×224 

and for accommodate the CNN model, three channels are generat-

ed with different HU windows.  

 
Fig. 3: (a) Healthy, (b) emphysema, (c) Fibrosis, (d) Ground glass, (e) micronodules. 

 

2.3 Hard constraints 

The labeling of the images is prepared by the radiologist are stored 

in the database, which are assigned as ground truth. The hard-reset 

are applied in the hard constrained regions of the images for each 

CRF iteration of message passing, due to it has to reliable with 

their ground truth label. In this type of cases, the message passing 

only happens in the pixel of unlabeled lung image made out from 

the regions of hard constrained and c the lung field only taken for 

the labelling. This is independent of the condition of pattern on 

image present outside of the lung mask. From the equation (5), the 

parameters , ,     are taken as the small constant as the value 

of 0.001 for linking lung of any pixel and ( , )i jp p  non-lung spa-

tial indexes. So the related ( , )i jk f f  has a disappearing value, 

which is equal to the null message passing. 

The possible ways are explored for the ILD labels propagate to the 

whole lung slice from limited drawn regions in pixel wise mul-

ticlass image segmentation and labeling. The pairwise potentials 

are construct on every pairs of pixel from the image based on the 

fully connected CRF. The optimization is carried out in the CRF 

by using message passing, which is capable of handling the mul-

ticlass labeling and the unary energies are learned based on the 

CNN using image patch labeling. The ground truth is combined as 

hard constraints in the CRF and there are many databases are 

available for the classification of ILD and the segmented results 

are evaluated with help of expert radiologist.  

2.4 Multi-label ILD regression 

The two major components are used in the algorithm, (1) To cal-

culate the area of the ILD using deep CNN regression of multi-

label technique by observation or provide the binary status of 
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“non- appearing” and “appearing” from a squared L2 loss function 

and these are utilized to solve the convolution property of ILDs. 

(2) The extraction of the activation layers from the different depth 

of the CNN network and the method of multivariate linear regres-

sion used to discriminate the spatially unordered Fisher vector 

features.  

2.5 CNN architecture 

Deep CNN is used to measure the spatial present in ILD images, 

where many pathology patterns is co-exist. Instead of highly uti-

lize the logistic-regression loss or softmax [23] for CNN-based 

classification, the squared L2 loss function is used [24], [25], [26] 

and there are many number of methods are available for regression 

label in the image. There is one direct method is present to meas-

ure the total count of pixel of ILD pattern per disease to represents 

its level of disease [27]. The step function is used to characterize 

the existence or absence of diseases, where the value for stage 

threshold is set from the knowledge of the clinical use. The label 

is assigned as one if the count of pixel in the ILD image is larger 

than the T, otherwise zero.  A more complex model contains func-

tion of the piecewise linear transform and the pixel number is 

calculated towards the range (0, 1). 

If there are N number of images are available and type c of ILD 

patterns is identified, the label vector of the thi  image is charac-

terized as a c-length multivariate vector 1 2[ , ,..., ]i i i icy y y y . The 

healthy portion of the lungs or there is no pattern present in the 

regions are denoted in the all-zero labelling vector depend on the 

ground truth pattern to the ILD image. The L2 cost function to be 

reduced, is defined as: 

2

1 1

ˆ ˆ( , ) ( )

N c

i l ik ik

i k

L y y y y

 

           (7) 

There are various successful CNN are present like as AlexNet and 

VGGNet. CNN-F is employed for the performance and efficiency 

depend on the availability of database, creates a variation of 

AlexNet. The five convolution layers is presented in CNN-F, that 

is tracked by two layers that are completely connected (FC) [28]. 

The squared L2 loss function is set for the last layer and four clas-

ses of ILD and the health tissues are investigated in some experi-

ments and four ILD tissues: Fibrosis, honeycomb, ground glass 

and emphysema. The length of iy  is c=4 to express these classes 

of four ILD [29]. The CNN parameter has randomly initializated 

works better than the models of pre-trained ImageNet and stochas-

tic gradient descent optimize the model parameters [30]. 

2.6 Unorder pooling regression via Fisher Vector En-

coding  

Testing a CNN feature activation encoding spatially invariant is 

used in along with CNN based regression. The outcome of every 

k-th layer is treated in the descriptor field k k kW H D
kX

 
  as 3D 

convolutional layer, where width and height of the fields are de-

noted as ,k k kW H and D is the count of features channels. The 

complete activation map of deep feature is given as feature vectors 

k kW H and all the feature vectors is the dimension of kD . 

The FV encoding is invoke to eliminate of vectors k kW H  with 

the spatial configurations present in an activation map and soft 

quantized is done for each descriptor i kx X help of mixture 

model of Gaussian. The differences of first-order and second-

order , ,( , )T T
i m i mu v between any iX descriptor and each of the vec-

tors { }, 1,2,...,m m M   of the Gaussian cluster means are gath-

ered in a 2M kD -dimensional image representation: 

,1 ,1 , ,[u , ,..., , ]FV T T T T T
i i i i m i Mf v u v          (6) 

The results of the FV feature encoding in high 2M kD dimension-

ally for the deep features of kX . Principal component Analysis 

(PCA) is used to computational and memory efficiency and also to 

reduce features FV
if to a lower-dimensional parameter space. The 

presence and absences of ILDs is identify by using the multivari-

ate linear regression iy  label vectors of ground truth and with the 

image features of PCA present in the low-dimensional value. 

3. Comparison table 

The lung diseases cause the different patterns of scars in the lungs 

and different patterns of scars may present in the lungs. The analy-

sis the scars patterns helps to identify the lung disease and these 

kind of scars has been found in the HRCT images. The latest re-

searches of the HRCT lung pattern classifiers are consider in this 

paper. 

 

 
Author and 
Publication  

Classifier  Em-
ployed 

Dataset Advantage Limitation Performance Analy-
sis 

M. Ajin and L. 

Mredhula, 

[31]  

ANN, KNN, Deep 

CNN Hybrid 

Kernel based 

SVM. 

Lung Image data-

base Consortium 

This method helps to analysis 

the various methods using the 

feature extraction, selecting 

feature, classification and also 

shows that Hybrid Kernel 
based SVM shows the better 

performance. 

This method is done with the 

approximately equal number of 

image patches for training and 

testing sets, if the training is set 

low and testing is set high then 
the accuracy is reduced.  

ANN = 57.50 %, 

KNN = 72.94 %, 

Deep CNN 84.14 %, 

Hybrid Kernel based 

SVM = 90.52 %.  

R. Joyseeree, 
et al. [32].   

Radial basic func-
tion based SVM. 

ILD database The proposed system provide 
the better accuracy than the 

state-of-art method due to 

different patch selection and 
evaluation method. 

The misclassification of the 
pattern occurs in the annotated 

area and causes to reduce in 

accuracy. 

Multicast tissue 
classification accu-

racy = 80.31 %. 

H. M. Nurmi, 

et al.  [33] 

Independently 

reclassified by 

idiopathic intersti-
tial pneumonia 

Kuopio University 

Hospital database 

This shows the correlation 

relation between the reticula-

tion, traction 
bronchiectasis and architectur-

al distortion to the decrease 

survival. 

This method is only applied to 

the little dataset. 

Hazard ration, 

GGO = 1.079, 

Reticulation = 1.144. 

J. Lim, et al 

[34]  

context-sensitive 

support 

vector machine 
(csSVM) 

In this research, 

radiologist catego-

rized 84 whole 
lung images are 

used as the data-

base. 

This technique can be utilized 

for the multi-class classifica-

tion problem and the CRF 
cannot address this problem. 

This method is applied to the 

2D images only and 3D images 

provides the much more data 
about the diseases. 

Accuracy for whole 

lungs, 

CsSVM = 
60.30±13.95, 

Time (s) = 

3.05±0.91. 
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S. Jun , et al. 

[35]  

ensemble classifi-

ers 

Siemens datasets The ensemble classifiers uses 

the individual classifier to 

increases the performance of 

the classification in analyses, 

bagging and stacking has high 
performance than the individ-

ual classifiers. 

This technique is not applied to 

the 3D volumetric images, 

which provides the more infor-

mation about diseases. 

SVM = 0.62, 

NB = 0.54, 

RF = 0.58. 

S.H. Jun1, et 

al.   [36]   

SVM classifier Stimulated dataset The result is compared with 

the existing method and this 
provides the better result, also 

helps for supporting decision 
for clinical. 

This methods categorized into 

two diseases. 

Average accuracy = 

81 %. 

A.O.  Neil, et 

al. [39] 

CNN MedGift dataset This has better result for even 

the low-level problem such as 

texture classifier, well defined 
deep learning architectural 

with sufficient capacity. 

This performance is made only 

for the little amount of dataset. 

Accuracy = 79%, 

 

A. De-
peursing, et al.  

[40] 

blockwise classifi-
cation 

rich Internet appli-
cation 

The developed system enables 
the objective and customizable 

in textbook and personnel 

collections. 

The implementation of clinical 
workflow with CBIR based 

CAD is complex on both user’s 

side and an algorithm side. 

Accuracy, 
Healthy tissues = 

87.94 %, 

Emphysema = 
96.3 %, 

Fibrosis = 89.02 %. 

J.W. Moon, et 

al. [42] 

SVM 

classifier based on 
LIBSVM library3 

The database is 

taken from the 
Institutional Re-

view Board of 

Samsung Medical 
Center 

This method provides high 

accuracy compared to the 
probabilistic atlas-based meth-

od. 

This method has to be evolved 

from the larger dataset. 

Accuracy, 

2D features = 
88.32 %, 

3D features = 

90.47 %. 

A. Depeur-

singe, et al.  
[40]  

Multilayer percep-

tron, k-nearest 
neighbour, naive 

Bayes, J48 

decision trees, and 
SVM. 

The dataset was 

taken from the 
Talisman project at 

Geneva 

University Hospi-
tals and University 

of Geneva 

SVM has better tradeoff be-

tween error rate and classify 
the better than other classifi-

ers. 

The implementation is not made 

in 3D images. 

Accuracy, 

SVM = 0.8907, 
Naive Bayes = 

0.3778, 

J48 =  0.7555 

 

The deep neural technique provides the better classification result 

for the pattern recognition and despite this fact, it still has some 

complex set that was challenging for the convolution neural net-

work. Those tasks requires the explicit memory for store the facts 

needed for classification of pattern. So, the classifier such as Neu-

ral turning machines, Memory based neural networks etc., has the 

possibility to have the classification accuracy as 2%  than the 

state-of-art method for classification of ILD.   

4. Conclusion 

ILD is a method to diagnosis the group of lung disease affecting 

the tissues, it may lead to the severe disease in case if it is not 

properly diagnosed. These kinds of diseases have the similar clini-

cal manifestation with each other making it difficult for diagnosis 

the diseases even by the experienced physicians. Many research is 

processed in the classification of the diseases from the pattern 

present in the datasets taken from the CT. In this paper, the analy-

sis of the different research for the sorting of the ILD in the CT 

images. Usually, there are five patterns are classified: honeycomb-

ing, consolidation, micronodules, reticulation, Ground glass opaci-

ty and healthy tissues. The deep CNN and kernel based SVM pro-

vides the better classification result compared to the other classifi-

ers. The different research is studied and compared in the compar-

ison table, which also has the advantages and disadvantageous of 

their method. There are lot of databases are available for the ILD 

and some of them are available freely. In the research of Moon, et 

al [42], SVM is used as the classifier and provide the accuracy up 

to 88.32%. 
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