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Abstract— The automatic evaluation is essential for the 
diagnosis and treatment of the disease of pathological images. 
Computer-aided systems are becoming more common day by day 
in this area. In this study, multi-class (8 different classes) tissue 
types were studied in colon cancer histopathological images. Data 
mining algorithms are used in the diagnosis phase in the health 
field. As a conventional method, first of all, the properties of the 
images are extracted and then the texture classification process is 
performed with data mining algorithms. The Gray Level Co-
occurrence Matrix (GLCM), Discrete Cosine Transform (DCT), 
Local Binary Pattern (LBP) are used in textural feature 
extraction. Along with these attributes, machine learning 
algorithms, such as k-nearest neighbors (KNN), support vector 
machines (SVM), random forests (RF), logistic regression (LR) 
were used for classification. As another method, to remove the 
attributes and perform classification at the same time, tissue 
classification was performed using deep learning (convolutional 
neural network) on histopathological images. Tissue classification 
was automated using transfer learning based on ResNet-18 
architecture, one of the convolutional neural network 
architectures. According to the determined feature and 
classification algorithm, the performance rates are also given 
comparatively. Our experiments showed that RF classifier with 
LBP and GLCM features provided 82% accuracy, while the deep 
learning method based on ResNet-18 architecture achieved 88.5% 
accuracy. 

Keywords — Histopathology, Pathology, Feature Extraction, 
Tissue Classification, Deep Learning. 

 

I. INTRODUCTION  
The process of evaluating the pathological images of a 

pathologist is long and laborious, but also a valuable task. 
Evaluation of pathological data objectively, accurately, and in 
a short time is vital in disease detection. A biopsy is applied 
with a tissue piece taken from patients. These tissue pieces are 
stained with H (Hematoxylin) & E (Eosin), and a suitable 
preparation is prepared. Discrimination (thanks to the colors) is 
provided after the painting process. Prepared colored tissue 
samples are examined and evaluated by the pathologist with a 
microscope [1,2]. 

Within this information evaluated, a diagnosis is made and 
treatment is started. Computer-aided systems are being 
developed to assist pathologists in completing the evaluation 

process quickly and start treatment early. Especially, it is vital 
to start the treatment by making the diagnosis of cancer as soon 
as possible. Treatment of colon cancer is possible with early 
diagnosis. It is quite high in terms of its incidence in the world 
and our country. It is the second leading cause of death in the 
world [3]. It is a disease seen in 4th among the causes of death 
in our country [4]. 

With the advancement of technology, the process is 
accelerated by enabling the histopathological images to be 
processed and evaluated. Thus, the risk of being fatal will 
decrease with early diagnosis and treatment of the patient. 

Many studies have been done in the literature on the analysis 
of pathological images. At the same time, researchers were 
encouraged to this field through competitions organized. 
Studies on the diagnosis of breast, lung, skin, kidney, liver, 
brain, colon, and blood cancer have been done on 
histopathological images. The basic process is the separation of 
cells and extracellular. For this, thresholding and segmentation 
processes were performing and studies were carried out on the 
separation of tissues [5,6]. Moreover, many studies have been 
done using machine learning in pathological images. Özbek et 
al. conducted the classification of pathological images using the 
k-nearest neighbor algorithm, which is one of the supervised 
learning algorithms [7]. Kaya and Bilgin used support vector 
machines for cell division in histopathological images [8]. Deep 
learning algorithms, which have been widely used recently, are 
also applied to histopathological images. The brain tumor 
classification was done with the convolutional neural networks 
using images from the TCGA (The Cancer Genome Atlas) data 
set [9]. Albayrak et al. have conducted the segmentation of 
cervical cancer with deep learning [10]. 
 

It has been studied on 5000 histology images of 8 different 
classes of colorectal tissue. The data set contains many different 
tissue class samples [11]. Firstly, textural feature extractions 
were used with the traditional method. In textural feature 
extraction, the Gray-Level Co-occurrence Matrix (GLCM), 
Discrete Cosine Transform (DCT), Local Binary Pattern (LBP), 
and LBP -GLCM approaches are used. The classification has 
been made with these features. In the classification step, K-
nearest neighbor (KNN), support vector machines (SVM), 
Logistic regression (LR), and random forest (RF) algorithms 
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are used. Another method is to classify histopathological tissues 
using ResNet-18 architecture based on pre-trained 
convolutional neural networks on all images and tissue classes 
in the data set.  
The accuracy rate in tissue classification changes according to 
the classification algorithms and feature extraction method. The 
traditional method and deep learning method accuracy rates are 
given, comparatively. 

 

II. MATERIAL AND METHOD 

A. Dataset 
In this study, an open-source shared dataset containing 5000 

histopathological images of colon cancer was used. The images 
consist of eight different classes, 150x150 in x20 magnification 
[11].   

 

       
Figure. 1. Histopathological Tissue-Class Sample Images 

 

Different three histopathological tissue sample images of 
eight different classes are shown in Figure 1. Here are eight 
classes; a) background (without any tissue class), b) Adipose 
tissue, c) mucosa, d) Debris, e) Lymphoma, f) Mixed, g) Stroma, 
h) Tumor tissue image [11]. 

B. Feature Extraction 
The features that can represent our images in the best way 

are distinctive for determining the texture class. The features 
store information about the texture class and directly affect the 
classification performance. 

Discrete Cosine Transform (DCT), shows the changes in the 
image. It is the transformation of the sign that creates it into the 
frequency plane using the cosine function. The DCT coefficient 
of an image in the NxN dimension (j, k) index is done with the 
help of formula (1). In formula (1), N holds the size of the image, 
and the row and column information hold the variables j, k. 
When a cosine function is applied to an image, the sign is 
symmetrical and contains more information [12]. 

 

F(j,k) = �� C(j) C(k)∑ ∑ f�x, y�cos ����������
������������ cos ����������   (1) 

 

The gray-level co-occurrence matrix (GLCM) is a method of 
extracting textural features based on the estimation of the 
quadratic state-probability function, defined by Haralick, which 
contains the statistical features of the pixel density [13]. We 
apply contrast, entropy, energy, correlation, and homogeneity 
features to classify texture. 

Local Binary Pattern (LBP), is a textural feature extraction 
method that according to the pixels around the pixel value in the 
center of the digital image in 1990 by He and Wang. In this 
algorithm, a window (square, circle) is selected and neighboring 
pixel values are compared for each pixel in the image, 
independent of the image size. For pixel values greater than or 
equal to the pixel placed in the center, 1; if it is small, 0 is 
written. Thus, a feature matrix consisting of ones and zeros is 
obtained [14]. 

 

C. Classification 
Classification algorithms are used to include similar images 

in a group based on the feature data. 
The K-Nearest Neighborhood algorithm (KNN) is a 

supervised learning algorithm used for regression as well as 
classification applications. New data is labeled in that class 
according to the class of the nearest k sample data based on 
features [15]. 

Support vector machines (SVM) are one of the commonly 
used algorithms for supervised classification problems. While 
performing the classification process, the best hyperplane that 
can distinguish the properties of one class from other classes is 
determined [15,16]. 

Logistic regression (LR), generates a logistic curve to make 
the classification among the features [17]. 

Random forests (RF) use multiple decision tree algorithms. 
It performs the classification by running the tree n times with 
depth and branching information [18]. 

 

a) 

b) 

c) 

d) 

e) 

f) 

g) 

h) 
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D. Convolutional Neural Network (CNN) 
Fukushima has presented the first deep learning approach 

that can self-learn and unsupervised [19,20]. The deep learning 
algorithms, which have come to the agenda again with the 
development of technology and based on artificial neural 
networks, are increasingly used in the field of artificial 
intelligence. Deep learning algorithms consist of multiple 
layers. One of the most used deep learning architectures is 
convolutional neural networks. There are convolution, pooling, 
fully connected layer, and classification layers in convolutional 
neural networks. Firstly, input data is taken, then it performs the 
learning process by extracting the features in each layer. It also 
learns features from the data. It continues with new feature 
extraction on each layer [20]. In some cases, the features of a 
model can be descriptive for another problem. The use of 
models trained using large data sets for another problem is 
called transfer learning, which is useful in cases where there are 
small numbers of data and class. For this reason, the weights of 
models pre-trained with the data set, where the number of data 
is high, are used. ResNet-18 (Residual Network) architecture 
was developed by the Microsoft research team with the 
ImageNet dataset to solve the problem of convergence of 
derivatives to zero. The ResNet-18 model is trained on more 
than 1 million images, 1000 class data in the ImageNet dataset. 
A general representation regarding the addition of these blocks, 
input(x), and output are given in Figure 2. [21]. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 
Figure. 2. Residual block [21] 

  

III. RESULTS 
In this study, eight different tissue classes were 

studied. Pixel density distribution of texture classes is given in 
Figure 3. 

Figure. 3. Clustering of Tissue Classes 
 

The distribution of tissue classes is visualized by 
clustering. Thus, those with the high similarity of tissue classes 
were collected at close points and others at distant points. 

It appears that the background class, which does not 
contain any texture class, is clustered separately from other 
tissue classes. However, it is seen that the distinction in other 
tissue classes is not very clear. It appears that each tissue class 
belongs to a different density region that is partially similar. 

The data set is divided into three parts: 3000 (60%) 
education, 1000 (20%) test, and 1000 (20%) validation data. 

 Firstly, feature extraction and then classification was 
done in the conventional method. The accuracy rates of all 
classification algorithms and features methods along with the 
are given in Table. I comparatively. The most accuracy of 
classification is achieved when LBP and GLCM features are 
used together, according to this table. However, the accuracy of 
classification changes according to classification algorithms. 

 

  
In the deep learning method, the ResNet-18 model was 

used, which was pre-trained on the ImageNet dataset. The 
ResNet-18 model was applied to our data set by closing the 
parameters in the last layers to learning. Parameters used; batch 
size: 16, learning rate: 0.0003 and cross-entropy loss function. 
As a result of the experiments, the tissue classes were identified 
with 88.5% classification accuracy. 

Tissue classification accuracy rates in the 
conventional method and deep learning approach are given in 
Table II. As a result of experimental studies, the highest 
accuracy rate was obtained with deep learning thanks to transfer 
learning. 

 
CLASSIFICATION 

ALGORITHMS 

FEATURE EXTRACTION METHOD 

DCT LBP GLCM LBP+GLCM 

KNN %50 %69 %49 %77 
SVM %55 %66 %53 %75 
RF %57 %69 %57 %82 
LR %55 %62 %49 %72 

TABLE I. Accuracy Rates of Feature Extraction Methods and 
Classification Algorithms Weight Layer 

Relu 

+

x 

Weight Layer 
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Table II. Conventional Method and Deep Learning Method Accuracy 
Rates 

Method Accuracy 
LBP+GLCM+RF %82 
ResNet-18 %88,5 

 

 

IV. CONCLUSION-DISCUSSION 
In the conventional method; When the accuracy rate is 

analyzed, the results differ according to the feature extraction 
methods and classifier algorithm. It was observed that GLCM 
and LBP alone were not sufficient in the feature extraction 
phase. It has been observed that combining LBP and GLCM 
algorithms, which are widely used in textural feature extraction, 
as a new feature, increases the accuracy of classification. 
However, in the deep learning method, higher accuracy in tissue 
classification with transfer learning is obtained using the pre-
trained ResNet-18. Although the data set is small, the results are 
encouraging for the use of computer-aided in the field of 
pathology.  

In future work, it can be studied with large data sets or 
re-trained by increasing the number of data with image 
augmentation techniques. Moreover, deep learning models can 
be created. By providing the classification of tissue types, 
support can be provided to pathologists. It will significantly 
contribute to an accurate and rapid diagnosis. It also saves time, 
and thus allowing pathologists to focus on important cases is 
another gain. 
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