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Introduction: Machine learning, especially deep convolutional neural 
networks (DCNNs), is a popular method for computerizing medical image 
analysis. This study aimed to develop DCNN models for histopathology 
image classification utilizing transfer learning.  

Material and Methods: We utilized 16 different pre-trained DCNNs to 
analyze the histopathology images from the animal diagnostic laboratory 
(ADL) database. During the image preprocessing stage, we applied two 
methods. The first method involved subtracting the mean of ImageNet 
images from all images. The second method involved subtracting the mean 
of histopathology training images from all images. Next, in the 16 pre-
trained networks, feature extraction was done from their final six layers, and 
the features extracted from each layer were fed separately into the linear 
and non-linear support vector machine (SVM) for classification. 

Results: The results obtained from the ADL database show that the 
classification rate in lung tissue images is much better than that of the kidney 
and spleen. For example, the lowest detection rate in non-linear SVM for lung 
tissue is 14.96%, almost close to the highest accuracy in kidney and spleen 
tissue. The classification accuracy of the spleen images is better than that of 
the kidneys, with only a slight difference. In linear SVM on lung images, 
ResNet101 obtained the most accurate result with a value of 99.56%, 
followed by ResNet50, ResNet152, VGG_16, and VGG_19. In non-linear SVM 
on lung tissue images, the ResNet101 network with 99.65% and ResNet50 
with 99.21%, followed by ResNet152, VGG_16, and VGG_19 obtained the 
highest detection rate. 

Conclusion: The classification results obtained from different methods on 
the ADL (including kidney, spleen, and lung histopathology images) 
database, confirmed the validity of transferring knowledge between non-
medical and medical histopathology images. Additionally, it demonstrates 
the success of combining classifiers trained on deep features. This research 
obtained higher accuracy in the ADL database than the works done.  
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INTRODUCTION 

Clinicians rely on digital histopathology images, 
which are high-resolution images of stained tissue 
samples, to diagnose and stage cancers. Visual 
analysis of the patient's condition based on these 
images is crucial to oncology. Although 
histopathological image analysis was previously 

carried out in laboratories under a microscope, it is 
now done on computers in the clinic [1]. 
Unfortunately, inaccuracies in medical image 
interpretation are not uncommon due to several 
factors that reduce diagnosis accuracy. These factors 
include tissue variety, lack of experts, long working 
hours, and eye fatigue [2].  
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To minimize the detrimental effects of the factors 
described earlier on diagnosis, significant research is 
currently being conducted to automate medical 
image interpretation. Computer-aided diagnostic 
(CAD) systems can detect and diagnose illnesses 
using whole slide images (WSI). However, diagnosing 
digital pathology images is a time-consuming 
operation due to the enormous image size [3]. 
Computer-aided image analysis can improve 
diagnostic accuracy and aid in the early detection of 
diseases [4]. Histopathologists often draw 
contradictory conclusions when analyzing the same 
set of images [3]. Since WSIs are vast, it is challenging 
to diagnose diseases by inspecting all available 
patches, making CAD systems useful. Therefore, there 
is a high demand for the development of CAD tools 
that minimize pathologists' workload and help them 
make quick and accurate diagnoses [5]. 

Recent studies have demonstrated that deep learning 
has outstanding accuracy in object recognition and 
disease diagnosis from medical images [6-8]. 
Previous research in pathology has shown that deep 
learning models can perform diagnostic tasks such as 
tumor detection and histologic grading on par with 
human specialists. The key advantage of deep 
learning-based approaches over past approaches 
based on manually constructed features (such as 
nuclear size/shape) is the automatic learning of 
prognostic features without prior assumptions or 
reliance on a limited collection of known features. 
However, one disadvantage of deep learning is that it 
often requires large annotated datasets to work 
successfully [8-10]. 

The winning solution for ImageNet 2012 
demonstrated the potential of deep neural networks 
to effectively categorize natural images from massive, 
tagged datasets [11]. In recent years, convolutional 
neural networks (CNN) have been increasingly used 
in medical image analysis, especially for detection 
and classification purposes [12-23]. In 2019, Talo et 
al. [24] proposed a transfer learning method for 
classifying brain MRI images into two groups: normal 
and abnormal. The suggested model achieved the 
highest classification accuracy of 100% using ResNet-
34 pre-trained CNN. 

Several studies have utilized deep learning 
techniques for diagnosing diseases from 
histopathology images. Yan et al. [25] developed a 
hybrid deep neural network using Inception-V3 and 
long short-term memory (LSTM) models to classify 
breast cancer images into four categories (normal, 
benign, invasive carcinoma, and in situ carcinoma) 
with an average classification accuracy of 91.3%. In 
2018, Pashaei et al. [26] proposed several methods 
for detecting meningioma, glioma, and pituitary 
tumors. Their model employed a CNN to extract 
hidden features from images and select features. The 
proposed model included four convolutional layers, 

four pooling layers, one fully connected layer, and 
four batch normalization layers. The findings 
revealed that it was highly accurate (93.68%) when 
compared to MLP, XGBoost, SVM, and RBF. 

Han et al. [27] developed a structured deep learning 
model to classify histopathology images of breast 
cancer. Their technique successfully classified breast 
cancer image subclasses into three categories 
(lobular carcinoma, ductal carcinoma, and 
fibroadenoma) with an average accuracy of 93.2%. In 
2018, Phaye et al. [28] implemented capsule 
algorithm networks (DCNet) and varied capsule 
networks (DCNet++) for classification. They 
categorized a dataset of 3064 MRI images of 233 
brain tumor patients based on three types of brain 
tumors; a dataset of healthy people was not used for 
classification. The DCNet algorithm test accuracy was 
93.04%, and the DCNet++ algorithm accuracy was 
95.03%. 

In 2018, Saha et al. [29] employed a deep learning-
based approach to detect mitoses in breast 
histopathology whole slide images automatically. 
Their model had a precision of 92% and a recall of 
88%. 

In this paper, we propose the transfer learning 
method for histopathology image classification using 
deep convolutional neural network models. Sixteen 
well-known pre-trained CNN models, including 
ResNet-50 and VGG_16, are employed as neural 
network models. The usage of several classifiers, 
including a cosine similarity metric, and linear and 
non-linear support vector machines over deep 
convolutional representations, is investigated and 
compared. We also present a classifier fusion strategy 
for identifying histopathology images using deep 
convolutional features. In this paper, we conducted a 
comprehensive analysis and comparison of various 
CNN-based models using different classifiers to 
categorize histopathology images. Furthermore, 
through deep CNN structures, we demonstrated the 
viability of transfer learning from the non-medical 
image's domain to the histopathology image's 
domain. By extensive experiments conducted in this 
study on the ADL database, it was revealed that the 
proposed approach outperforms the individual 
classifiers tested and outperforms the best-reported 
results in the literature for histopathological image 
classification. 

MATERIAL AND METHODS 

ADL database 

This research was conducted on the ADL image 
database. This database comprises biopsy images of 
cow kidney, spleen, and lung tissues [30]. 
Pathologists at the Pennsylvania State University 
Animal Diagnostic Laboratory prepared these 
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histopathology images, which they divided into two 
categories: healthy and unhealthy. A sample of the 
images contained in this database is presented in Fig 
1. 

  

Fig 1: Typical examples of the ADL dataset. This dataset 
contains images of mammalian kidneys (in the left column), 

lungs (in the middle column), and spleens (in the right 
column). The images are divided into two categories: 
healthy (top row) and unhealthy (bottom row) [31]. 

Implementation details 

As a preprocessing step, all images are resized to 224 
* 224 * 3 pixels. Afterward, the mean of the training 
images is subtracted from all the images. Using the 
deep CNN networks described earlier, deep 
representations are obtained from preprocessed 
images. This is achieved by first removing the final 
layers of each network, which are responsible for 
classification, and then feeding the image into the 
network. 

In this study, 16 pre-trained networks were utilized, 
and we will present them as follows: 

ResNet: This network won first place in the object 
recognition and classification section of the Ilscrc 
competition in 2015, and it was first introduced by He 
et al. [32]. This study utilized three models: 
ResNet50, ResNet101, and ResNet152. 

GoogLeNet: This 22-layer network was introduced by 
Szegedy et al. [33] and won first place in ILSVRC2014. 
The main idea of this architecture is to improve the 
use of network computing resources. 

AlexNet: This network is one of the most effective 
deep convolutional neural networks that has won the 
ILSVRC2012 competition [34] by classifying 1.2 
million high-quality images from the ImageNet 
database [30] into 1000 different groups with an 
error of 15%. 

VGG_F, VGG_M, and VGG_S: These networks were 
developed in 2014 [35], each of which had a different 
speed and accuracy. VGG_F and VGG_M network 
architectures are similar to AlexNet architecture. It 
consists of 8 learnable layers, with the first 5 
convolutional layers, and the last 3 fully connected 
layers. The VGG_F model is the fastest, while the 
VGG_S model is the slowest. 

VGG_M_128, VGG_M_1024, and VGG_M_2048: These 

networks have been introduced in the study of 
Chatfield et al. [35], which are the same as the VGG-M 
structure, with the difference that the dimensions of 
the seventh layer of all previous structures were 
4096, but the dimensions of the seventh layer of these 
networks have been reduced to 128, 1024, and 2048, 
respectively. 

Mat_VGG_M, Mat_VGG_F, and Mat_VGG_S: These 
models are implemented using the MetConvent 
environment. These structures are the same basic 
structures whose normalization layers have been 
removed to speed up testing. 

In addition to the previously mentioned networks, we 
also utilized VGG_16 and VGG_19 networks, which 
were trained on ImageNet images with 1000 classes. 

In the ADL database, the input image must be 
adjusted to fit the convolutional network's input 
before being fed into the network. During the 
preprocessing stage of all the convolutional networks 
used in this research, the mean needs to be removed 
from the training data. Two methods for removing 
the mean have been utilized in this study. 

The first method employed in this study involves 
converting the histopathology images from the ADL 
database to the size of 224 * 224 * 3. Then, the mean 
data from the ImageNet database, on which the 
convolutional networks employed in this research 
are trained, is subtracted from all histopathology 
images (both train and test images). These images are 
then used for feature extraction by the convolutional 
networks. A series of features are extracted from the 
input image by passing it through each layer of the 
convolutional network. As mentioned earlier, the 
initial layers extract basic features such as edges and 
curves, while the final network layers extract more 
complex features. This step aims to extract image 
features from the final six layers of the network, using 
the convolutional neural networks only for feature 
extraction. In the next step, the extracted features are 
compared using the cosine similarity metric. 

The second method involves converting the ADL 
histopathology images to 224 * 224 * 3 pixels and 
subtracting the mean of the training data (40 healthy 
images and 40 unhealthy images randomly selected) 
taken from the histopathology images in the ADL 
database from all the images. As in the previous 
method, these images were fed into all 16 
convolutional networks used in this research, and the 
final 6 layers were compared using the cosine 
similarity metric. 

According to the results obtained by these two 
methods, it was observed that removing the training 
mean of histopathology images resulted in better 
classification accuracy. However, the lung results did 
not change much, while the kidney and spleen results 
illustrated significant changes. This step was 
primarily intended to evaluate these two methods. 
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Since the results revealed that the second method 
provides better classification accuracy than the first 
method, only this method was used for image 
preprocessing. 

RESULTS 

In this study, in all 16 pre-trained networks, features 
were extracted from their final 6 layers and fed into 
the classifiers for classification. In addition, 16 
networks were employed and the features were 
extracted from each network's six layers, and the 
feature vectors (derived from each layer) were then 
classified separately. This study obtained six 
classification rates for each network. However, only 
the most accurate results and the number of layers 
having the highest detection rate are reported. The 
results illustrate the classification accuracy, which is 
an average of 10 times performance. 

The results presented in this study indicate the 
accuracy of the classification derived from the Eq. 1. 

Accuracy=(TP+TN)/(TP+FN+TN+FP)×100            (1) 

The results presented here represent the most 
accurate results per organ in the ADL database. 

Table 1: The results obtained by removing the ImageNet 
mean from all images and classifying by the cosine similarity 

metric 

Network Lung Kidney Spleen 
ResNet50 98.96 90.78 91.38 
ResNet101 97.46 92.75 91.08 
ResNet152 98.20 93.06 91.25 
GoogLeNet 95.79 79.10 83.17 
AlexNet 98.25 89.88 91.83 
VGG_16 98.29 86.78 88.87 
VGG_19 98.03 86.55 87.08 
VGG_M 98.29 88.55 93.21 
VGG_F 96.89 88.16 91.87 
VGG_S 97.59 86.43 91.83 
VGG_M_128 98.11 83.84 90.25 
VGG_M_1024 98.11 87.25 91.75 
VGG_M_2048 97.89 87.69 92.46 
Mat_VGG_M 97.89 89.96 93.92 
Mat_VGG_F 97.32 90.51 91.67 
Mat_VGG_S 97.85 88.04 92.54 

Table 2: The results obtained by subtracting the mean training data of histopathology images and classification by the cosine 
similarity metric 

Network Lung 
Layer 

Number 
Kidney 

Layer 
Number 

Spleen 
Layer 

Number 
ResNet50 98.68 6 94.39 6 93.78 6 

ResNet101 98.77 6 94.86 6 93.79 6 

ResNet152 98.38 6 94.55 6 90.96 6 
GoogLeNet 95.92 6 83.22 6 87.04 6 
AlexNet 97.72 4 93.22 5 94.17 5 
VGG_16 98.07 5 90.24 3 90.25 4 
VGG_19 98.37 4 90.63 5 90.62 3 

VGG_M 97.46 4 90.08 3 94.37 4 

VGG_F 97.46 5 90.04 3 92.21 3 
VGG_S 97.46 3 89.57 3 92.58 4 

VGG_M_128 97.50 3 89.49 3 93.87 3 

VGG_M_1024 97.24 3 90.75 3 95.13 3 

VGG_M_2048 97.32 3 90.75 3 94.17 3 

Mat_VGG_M 97.15 5 89.14 5 96.29 6 

Mat_VGG_F 96.49 5 91.76 6 91.67 5 
Mat_VGG_S 97.24 4 91.06 5 93.83 5 

As previously stated, two methods for image pre-
processing were employed in this study. The first 
method involves subtracting the mean of ImageNet 
images from all the images, and the second involves 
subtracting the mean of histopathology training 
images from all the images. The obtained results are 
shown in Table 1 and Table 2, respectively. As a 
result, feature extraction from each network's six 
layers, as well as the classification of the feature 
vectors obtained from each layer separately resulted 
in six classification rates for each network; only the 

best result is presented here, along with the 
identification of the layer that had the best detection 
rate. The obtained results indicate the classification 
accuracy, which represents an average performance 
of 10 times. 

According to the obtained results and the comparison 
of Tables 1 and 2, it can be concluded that better 
accuracy in the classification process has been 
obtained as a result of subtracting the mean of the 
histopathology training images. The main objective is 
to compare these two methods, and it was concluded 
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that the classification rate reported in Table 3 is 
higher than in Table 2. 

The ResNet101 network has the highest lung image 
accuracy, with a score of 98.77%. As demonstrated, 
the ResNet50, ResNet152, VGG_16, and VGG_19 
networks also achieved high classification accuracy. 
The GoogLeNet network has the lowest accuracy, 
with a value of 95.92%. The ResNet101 network 
continues to have the greatest accurate classification 
rate in kidney images (94.86%), and the ResNet152, 
ResNet50, and AlexNet networks all performed well.  

In spleen tissue images, the most accurate networks 
are Mat_VGG_M with an accuracy rate of 96.29%, 
followed by VGG_M_1024 with 95.13%, and 
VGG_M_2048 and AlexNet with 94.17% accuracy. 
ResNet networks performed poorly in this test. 

Because of the second method (subtracting the 
training data mean of histopathology images from all 
images), the extracted features are classified using 
linear and non-linear SVM. Tables 3 and 4 
demonstrate the highest classification results 
obtained using linear SVM and non-linear SVM, 
respectively. 

Table 4 demonstrates that ResNet101 achieved the 
highest classification accuracy of 99.56% in lung 
images, followed by ResNet50, ResNet152, VGG_16, 
and VGG_19. As for kidney images, AlexNet obtained 
the most accurate result with 96.12% accuracy, 
followed by ResNet101 and mat_VGG_F. ResNet50 
and Mat_VGG_S networks achieved the highest 
results with 96.71%, accompanied by Mat_VGG_M 
and ResNet152 networks. 

Table 3: The results obtained from the classification of different layers of a network using linear SVM 

Network Lung 
Layer 

Number 
Kidney 

Layer 
Number 

Spleen 
Layer 

Number 
ResNet50 98.73 6 93.88 6 96.71 6 
ResNet101 99.56 6 96.04 1 94.75 6 
ResNet152 98.20 6 95.45 5 95.75 6 
GoogLeNet 97.32 5 90.86 6 90.83 6 
AlexNet 97.72 4 96.12 4 95.25 5 
VGG_16 98.29 6 93.25 4 92.71 3 
VGG_19 98.64 4 94.12 4 92.75 4 
VGG_M 98.29 3 93.18 4 95.08 4 
VGG_F 97.28 4 93.37 4 93.46 4 
VGG_S 97.11 6 92.87 4 95.92 6 
VGG_M_128 97.81 3 92.63 4 95.63 4 
VGG_M_1024 97.94 3 93.45 4 95.63 4 
VGG_M_2048 97.98 3 93.49 4 95.33 3 
Mat_VGG_M 97.37 5 93.84 2 96.37 3 
Mat_VGG_F 97.28 4 95.73 6 94.12 4 
Mat_VGG_S 98.07 6 93.69 4 96.71 5 

Table 4: The results obtained from the classification of different layers of a network using non-linear SVM 

Network Lung 
Layer 

Number 
Kidney 

Layer 
Number 

Spleen 
Layer 

Number 
ResNet50 99.21 6 94.31 6 97.17 6 
ResNet101 99.65 6 96.04 3 96.13 6 
ResNet152 98.90 6 9.41 5 96.67 6 
GoogLeNet 97.54 6 91.14 6 92.04 6 
AlexNet 98.16 4 96.20 4 95.75 6 
VGG_16 98.51 6 94.04 4 93.25 3 
VGG_19 98.68 4 95.08 4 94.29 6 
VGG_M 98.38 3 93.14 4 95.75 4 
VGG_F 97.63 6 93.73 4 94.46 3 
VGG_S 97.53 6 93.88 3 96.17 4 
VGG_M_128 97.94 3 93.18 3 95.92 4 
VGG_M_1024 98.07 3 93.65 4 96.04 4 
VGG_M_2048 98.20 4 93.69 3 95.71 2 
Mat_VGG_M 97.59 3 93.73 2 96.71 6 
Mat_VGG_F 97.68 3 96.04 5 95.33 3 
Mat_VGG_S 98.07 3 93.73 2 96.79 5 

In lung images, ResNet101 with 99.65% and 
ResNet50 with 21.99%, followed by ResNet152, 

VGG_16, and VGG_19, obtained the highest 
classification rate. In kidney images, the highest 
classification rate belongs to AlexNet with 96.20%, 
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followed by the Mat_VGG_F and ResNet101 networks 
with 96.04%. In the classification of spleen images, 
the ResNet50 network achieved the highest 
classification rate of 97.17%. The next highest results 
were obtained from Mat_VGG_S, Mat_VGG_M, 
ResNet152, and ResNet101. 

According to the results obtained in this field: 

 The classification rate of lung tissue images 
is better than kidney and spleen. 

 ResNet50, ResNet101, ResNet152, VGG_16, 
and VGG_19 networks achieved the most 
accurate results for lung image classification. 

 The most powerful networks for kidney 
image classification were AlexNet, all three 
ResNet networks, and Mat_VGG_F. 

 The most accurate results for spleen image 
classification were achieved by all three 
ResNet networks, Mat_VGG_M, and 
Mat_VGG_S. 

Furthermore, as shown in Tables 3, 4, and 5, the 
number of layers that achieved the highest result is 
also stated. Based on the number of layers, in 
ResNet50, ResNet101, ResNet152, and GoogLeNet 
networks, the best layer is the last layer (number 6); 
and in other networks, layers 3 and 4 usually have 
more repetition than the rest of the layers, which 
indicates that these two layers work better in these 
networks. Generally, among the 6 layers that features 
were extracted from, layers 3 onwards are suitable 
layers for feature extraction. 

DISCUSSION  

This study proposes deep CNN models for transfer 
learning-based histopathology image classification. 
Sixteen well-known pre-trained CNN models, 
including ResNet-50 and VGG_16, have been 
employed as deep models. The use of several 
classifiers, including a cosine similarity metric, and 
linear and non-linear SVM, has been examined and 
compared over deep convolutional representations. 
To detect histopathological images using deep 
convolutional features, a classifier fusion technique is 
also provided. Extensive tests on the ADL database 
have demonstrated that the proposed approach 
outperforms the individual classifiers tested. It also 
outperforms the highest outcomes for 
histopathological images categorized in the 
literature. 

The last layer, layer number six, is the best in 
ResNet50, ResNet101, ResNet152, and GoogLeNet 
networks. In other networks, layers three and four 
typically have the most repetitions, suggesting that 
these two layers outperform in these networks.  

Similarly to ours, a 2023 study [36] suggested four 
DCNN models with SVM classifiers to classify 

histological images of breast cancer into eight 
subtype groups, four benign and four aggressive. The 
recommended method leverages DCNNs' ability to 
extract highly predictive multiscale pooled image 
feature representation (MPIFR) from breast cancer 
images at four different resolutions (40x, 100x, 200x, 
and 400x), which are then classified using SVM. Eight 
pre-trained DCNN architectures were individually 
trained, and the four most successful models were 
used in a feature extraction ensemble. According to 
the results, the suggested MPIFR technique achieved 
an average accuracy of 97.77% on the BreakHis 
histology breast cancer image dataset, with 97.48% 
sensitivity and 98.45% precision. 

In a similar study [37] to ours, support vector 
machine methods pre-trained networks, and similar 
image databases were utilized. The authors proposed 
a computer-aided ensemble method for breast cancer 
detection by ResNet18 and SVM. The pre-trained 
ResNet18 model was used to extract features from X-
ray images, and SVM was employed for cancer 
detection. To improve performance, haze reduction 
was applied to enhance image quality, and tumor 
segmentation was applied to separate the tumor 
region from the image using the histogram-based K-
means technique. The experiments were analyzed on 
the BreakHis dataset, which includes both benign and 
malignant categories. The proposed model is 
evaluated for four magnification factors (40x, 100x, 
200x, and 400x). The test results showed that the 
proposed model achieved higher accuracy equivalent 
to 92.6% for 200x magnification. The highest 
specificity and accuracy obtained were 93.1% and 
86.5%, respectively, for 100x.  

In our research, pre-trained networks were used in 
all the parts of the analysis performed on the ADL 
database, and the results showed the suitability of 
these networks for analyzing histopathology images. 
The classification results obtained by the non-linear 
SVM outperformed those achieved by the linear SVM, 
and the results achieved by the linear SVM 
outperformed those obtained by the cosine similarity 
metric. The ResNet101 network performed better 
than other models and had a higher classification 
rate. It should be noted that the most powerful 
networks for feature extraction from histopathology 
images were ResNet50, ResNet101, and ResNet152 
[38, 39]. In another study [40], pre-trained deep 
transfer learning models, such as ResNet50, 
ResNetl01, VGG_16, and VGG_19, were analyzed for 
breast cancer detection using a dataset of 2453 
histopathology images. The images in the dataset 
were divided into two categories: those with invasive 
ductal carcinoma (IDC) and those without IDC. After 
analyzing the transfer learning model, ResNet50 
outperformed other models and achieved an 
accuracy rate of 90.2%, which is similar to our 
results.  
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Similar to our study [41], a new set of feature-based 
histopathological image classification methods is 
presented. In the proposed method, feature 
extraction using AlexNet, generation of optimal visual 
vocabulary using improved optimization based on 
biogeography, and classification by support vector 
machine are performed. It should also be noted that 
the ADL database was utilized in the study.  

In this study, the research team faced the following 
limitations: 

 One of the limitations was the limited size of 
the medical image database, which limited 
the number of train images. 

 The analysis of histopathology images was 
more challenging than other medical images 
due to their inherent complexity. 

 Also, since medical images are often 
significantly larger than normal images, 
many machine vision and machine learning 
algorithms are unsuitable for medical 
datasets. 

CONCLUSION  

In this research, deep convolutional neural networks 
and linear and non-linear SVM have been utilized to 
classify histopathology images. Transfer learning was 
employed using 16 networks trained on general 
(non-medical) images to extract features from 
histopathology images. The present study 
demonstrates that convolutional networks are a 
suitable method for feature extraction from 
histopathology images. Transfer learning is an 
effective method for histopathology images, and 

ResNet networks outperform other networks in this 
domain. The proposed method achieved high 
classification accuracy without network training and 
was effective on all histopathology images, 
independent of a specific organ. 
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