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Summary 

 

Given the importance of monitoring intestinal permeability and the significant 

healthcare cost associated with the gut barrier disruption, automatic detection of 

barrier disruption pattern in porcine intestinal epithelial cells (IPEC-J2) using 

automatically computer-aided detection models based on a deep convolutional 

neural network for early detection and interpretation in measuring intestinal 

permeability is an area of active research and adequate experimental models are 

required to further understand the grade of localization and disruption of IPEC-J2 

tight junction proteins. 

In the present study, a deep learning-based ensemble model to build a classifier to 

automatically analyze and extract features from input images in order to accurately 

assess the grade of localization and disruption of tight junction proteins (TJ) in IPEC-

J2 have been proposed. Different data augmentation techniques including horizontal 

and vertical flips, rotating, zooming, contrast adjustment and brightness 

enhancement with different parameters are employed to increase the dataset size and 

tackle the over-fitting problem. At first, the experiments began with evaluating the 

performance of 8 state-of-the-art deep CNN architectures namely, VGG-Net, 

InceptionV3, MobileNet, DenseNet, Xception, NAS-Net, InceptionResNetV2 and 

ResNet models on IPEC-J2 cell image classification. Transfer learning is a common 

strategy in training deep CNN models. Using this strategy, the weights that are 

already learned on a cross-domain dataset to initialize weights of deep CNN models 

can be transferred in this research. The final results showed that the deep CNN 

ensemble of InceptionV3 and DenseNet201 achieved the best result with an accurate 

detection rate of 99.22% than the individual InceptionV3 architecture (95.03%) and 

the individual DenseNet201 architecture (91.11%). The second-best ensemble 

architecture was the ensemble of InceptionV3 and MobileNet with an accuracy of 

97.78% than the individual InceptionV3 architecture (95.03%) and the individual 

MobileNet architecture (95.82%.)  
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Collectively, employing CNN models could be considered as an automatic visual 

inspection system for the recognition, grading of expression, localization and 

disruption of tight junction proteins in epithelial cells with less misdiagnosis (false 

positive or false negative) and error rate, and also reduce the heavy workload of 

manual diagnosis. 
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Ι. Review of Literature 

1. Convolutional neural network 

1.1 Characterization and design of generalized convolutional neural network 

Convolutional neural network (CNN or ConvNe), proposed by LeCun et al. [1], is a 

specialized subtype of multi-layer neural network that designed to recognize visual 

patterns directly from pixel images. CNN models have achieved promising results in 

different image recognition, image classification and computer vision tasks [2]. 

The primary purpose of Convolution is to extract features from the input image [3]. 

CNNs are made up of a stack layers of neurons that have learnable weights and 

biases. Layers used to build CNNs will detect a set of features such as lines, edges 

and contours [4]. In practice, CNN learns the values of these filters on its own during 

the training process [5]. Technically, deep learning CNN models are used to train and 

test each input image by transforming the original image feature through layers. 

CNNs have provided significant breakthrough in many areas including image 

recognition and classification [3].  

CNNs include four main types of layers that are the basic building blocks of every 

CNN architectures including: 

1. Convolution layer 

2. Rectified linear unit function 

3. Pooling layer 

4. Fully connected layer 

1.1.1 Convolution layer  

A convolutional layer is the core building blocks for designing CNN models [8]. 

Convolution layer defined by a set filters (kernels). These filters slide over the input 

image and extract specific features from input images. The essential parameters 

when designing the convolution layers are as follows: 
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 The size of filter o kernel window 

 The number of filters per layer 

 The number of pixels by which filter window stride over the input. 

 The padding that defines the border around the filter window. There are two 

options for padding, valid or same. In valid padding, no padding is defined 

while in same padding, the padding of zeros is produced around the 

boundary pixels of the input image so that the size of the convolved image 

is the same as that of the original image. Therefore, in the same padding, one 

may not have information lost from the input image. 

 

1.1.2 Rectified linear unit function 

Rectified linear unit (ReLU), a commonly used activation function, provides non-

linearity to the neural network. The ReLU function is defined by the following 

formula;  

𝑓(𝑥) = {
0, 𝑥 < 0
1, 𝑥 ≥ 0

 

ReLU function output the zero or positive value equal to the same value as the input. 

However, the negative value will be converted to zero [9]. The following is a graph 

of ReLU (Figure 1);  

 

Figure 1. ReLU activation function graph. 
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1.1.3 Pooling layer  

Subsampling is generally used to progressively reduce the spatial size of the input 

by performing simple mathematical operation such as calculating the average and 

maximum value of convolution filter and hence speed up the computation but 

retains the most important information [10]. Pooling layer operates on each feature 

map independently. Two types of pooling layers exist in designing convolutional 

neural networks: average pooling and max-pooling [11]. Average pooling involves 

calculating the average value of the sub-region. Max pooling is a sample-based 

discretization process and outputs the maximum value of the sub-region. While max 

pooling selects the brighter pixels from the image and is especially useful when the 

background of the image is dark and the lighter pixels of the image are interested in 

average pooling, the sharp features may not be identified when this pooling method 

is used [12]. 

1.1.4 Fully connected layer 

In fully connected layer, every neuron in the previous layer is connected to every 

neuron on the next layer. Also, the final output layer in a CNN model is a normal 

fully-connected layer to produce the final classification decision [13]. Figure 2 shows 

a typical structure of a CNN Architecture. 
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Figure 2. A general structure of a ConNet Architecture. 
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1.2 Feature extraction using transfer learning 

Feature extraction is an essential step in training deep CNN models properly. In this 

method, instead of training a model from scratch, the weights already trained on a 

cross-domain dataset transfer into the current classification task. Various studies 

demonstrated the advantages of transfer learning method in improving the accuracy 

of the detection rate. Transfer learning strategy has advantages including reducing 

the computational resources, addressing the overfitting issue due to the insufficient 

training samples and also speeding up the convergence of the network [14-17]. In 

this approach, different well-established CNN architectures, InceptionV3, 

MobileNet, DenseNet, Xception, NAS-Net, InceptionresNetV2 and ResNet, which 

have shown promising results in many computer vision tasks have been employed 

[18-20]. For all of these architectures, the initial weights are initialized from the 

weights learned from ImageNet by transfer learning method. In the following 

section, a short introduction to the architectures employed in this research is 

provided.   

1.2.1 InceptionV3:  

InceptionV3 architecture, proposed by Szegedy et al. in 2014 [22], won the 

ImageNet competition. This architecture introduced the concept of inception 

module. The InceptionV3 is the third generation of Inception and consists of 159 

layers in total. The main idea of the Inception module is to of different convolution 

size, i.e. 1×1, 3×3, and 5×5 filter size instead of using one type of kernel. Employing 

different convolution size allows the multi-level feature extraction from the input 

image in each convolution operation. Also, by using the pointwise 1×1 convolution, 

this architecture is able to reduce the number of parameters leading to lessen the 

computational cost.  

1.2.2 Xception:  

The Xception architecture, stands for extreme inception, is an extension of the 

Inception architecture. This architecture introduced by François Chollet in 2017 [23], 

wherein the Inception modules are replaced with depthwise separable convolutions 

with residual connections. The depthwise separable convolution can decrease the 
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memory requirements and computational cost.  Xception consists of 36 

convolutional layers structured into 14 modules. All modules are connected by linear 

residual connections, except for the first and last module.  

1.2.3 MobileNet:  

MobileNet architecture, designed by the Google research team for object recognition 

on mobile devices [24], consists of depth-wise separable convolution and 1×1 point-

wise convolution layers. The performance of the MobileNet architecture is evaluated 

on ImageNet dataset and achieved an accuracy in the same level of accuracy as 

VGG16 with 32 times less parameters while is 27 times less computationally 

intensive [25]. Depth-wise convolution uses a single spatial filter for each input 

feature map, and pointwise convolution (1×1) applies on cross-channel patterns.  

1.2.4 NAS-Net:  

NAS-Net (Neural Architecture Search Net) architecture proposed by Google Brain 

in 2017 [26]. This architecture obtained the state-of-the-art results on the CIFAR10 

data set. By employing a recurrent neural network, this architecture can search for 

the best convolutional layer on the CIFAR-10 dataset and then the selected layers 

are transferred to the ImageNet dataset. Then the selected suitable convolutional 

layer stacked together to produce the final model. This architecture introduced a new 

regularization method called Scheduled Drop Path is to further improve 

generalization ability. However, in large datasets, the computational cost of this 

architecture has become expensive.  

1.2.5 ResNet50:  

ResNet (Deep Residual Learning Network) architecture, proposed by He et al. [27],  

won the competitions at ILSVRC classification task and achieved excellent results 

ImageNet and MS-COCO object detection. The concept of a residual block has 

introduced this architecture to train deeper networks to perform better recognition 

tasks. The aim of residual blocks to add a connection (instead of concatenation) from 

the input of the first block to the output of the next block. Residual blocks by using 

this shortcut connection learn the residual that aid in solving the issues of vanishing 

gradients and parameter explosion.  
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1.2.6 DenseNet:  

DenseNet (Densely connected convolutional networks) architecture has been 

proposed [28]. This architecture is an extension for ResNet architecture. In DenseNet 

architecture, summation operation is used to connect layers to each other. This 

operation helps to even better generalization ability and handling vanishing gradient 

issue in compare to ResNet architecture. Feature maps extracted from each layer are 

reused as input for the next layers. The idea of feature map reusing helps in further 

improvement of detection rate.  

1.2.7 VGG-Net:  

VGG-Net (Visual Geometry Group) introduced by Karen Simonyan and Andrew 

Zisserman in 2014 [29] that achieves top performances on ImageNet Large Scale 

Visual Recognition Challenge (ILSVRC). This architecture, by using 3×3 filter size 

provides better features extraction from input images by increasing the depth of the 

neural network instead of its width. There are two versions of VGG-Net architecture 

namely, VGG16 and VGG19, with different depths and layers. The performance of 

both VGG16 and VGG19 is investigated in this research.  

1.2.8 InceptionResNetV2:  

InceptionResNetV2 employs both Inception and Residual blocks in its 

architecture[30]. The combination of both modules helps to achieve very good 

performance with relatively low computational cost.  
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2. Intestinal barrier and pathways of permeability  

The gut barrier is an important component of normal gastrointestinal (GI) tract. The 

intestinal epithelial layer forms the major barrier that separates our body from the 

external environment. To prevent an overwhelming immune activation the 

maintenance of the intestinal epithelial barrier is the essential function of the 

intestinal epithelial cells (IECs) as it provides a barrier to pathogenic and antigenic 

components in the lumen that is highly critical for host survival. 

Impaired intestinal barrier function has been associated with the pathogenesis of 

many gastrointestinal diseases, as it facilitates passage of injurious factors such as 

lipopolysaccharide, peptidoglycan, whole bacteria, and other toxins led to 

subsequently increased antigen trafficking. Therefore these Intestinal disorders 

caused a cycle of events resulting in the breakdown of the intestinal gut barrier.  

The intestinal barrier includes mechanical, immunological, biological, and chemical 

barriers. The mechanical barrier is mainly composed of the mucous layer on the 

surface of the intestinal mucosa, intestinal epithelial cells, intercellular junctions, 

submucosal lamina propria. The mechanical barrier is a pivotal part of the intestinal 

barrier and maintained through the intestinal epithelial cells and intercellular 

junctions [31]. 

There are four layers in the gut where each layer of barrier has a unique structure 

and contribution to barrier function. The first, commensal bacteria reside in the 

gastrointestinal tract which serves as a microbial barrier aids digestion and captures 

antigen in the lumen. This microbiota is crucial for the maintenance of a symbiotic 

relationship with immune cells [32]. The second, thin mucous layer contains proteins 

and defense factors that serve as a chemical barrier and covers the apical surface and 

limits direct interactions of the epithelium with microbes and larger molecules, such 

as food particles [33]. The third, intestinal epithelial cells (IECs) form a continuous 

monolayer and are tightly attached to each other by junctional complexes serves as 

a physical barrier while supporting nutrient absorption [34]. Finally, the gut 

associated lymphoid tissue in the lamina propria forms the immunological barrier if 

antigen penetrates where innate and adaptive immune cells reside such as T cells, B 

cells, macrophages and dendritic cells [35].  
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Studies have shown that environmental and psychosocial stressors play a central role 

in the initiation and (or) exacerbation on GI function and disease susceptibility in 

humans and animals.  

In humans, intestinal barrier defects have been associated with various diseases and 

disorders, including celiac disease (CD) [36], inflammatory bowel disease (IBD) 

[37], colon carcinoma, irritable bowel syndrome [38], obesity [39] and food allergies 

[40]. In agriculturally-important species such as the pig, psychosocial and 

environmental stressors associated with production practices (e.g., weaning, 

mixing/crowding stress and heat stress) have significant deleterious impacts on 

growth performance and GI function [41] and increased susceptibility to infectious 

GI diseases [42].  

Weaning as an early life stressor impairs the intestinal barrier integrity leading to 

long-lasting deleterious consequences on gut health and susceptibility of diseases in 

piglets throughout the production lifespan compared with age-matched, non-weaned 

littermate pigs [43]. Several stressors such as mixing stress, maternal separation, diet 

change and transportation are imposed upon the pig during weaning which 

collectively contributes to compromised gut health and well-being of the weaned 

pig.  The impaired intestinal barrier in pigs appears to be linked to immature 

development of the enteric nervous system and may contribute to the pathogenesis 

of functional GI disorders both in early life as well as adulthood [44]. Decreased 

intestinal integrity leads to higher circulating concentrations of endotoxin and altered 

blood metabolite and inflammation profiles during heat stress in pig [45].  

Schematic representation of the main components of the Intestinal epithelial barrier 

structure and the major tight junction proteins is depicted in Figure 3. The intestinal 

porcine epithelial cell line J2 (IPEC-J2), as a non-transformed intestinal cell line, 

originally are intestinal porcine enterocytes derived from the jejunal epithelium of a 

neonatal unsuckled piglet. Because of the similarity between pig and human 

intestinal function, studies with IPEC-J2 not only can give more insight when 

investigating domestic animal study but also provide a valuable tool to imitate the 

human physiology more closely than any other cell line of non-human origin. 

Therefore, it is a highly valuable tool in order to study epithelial barrier integrity on 
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a variety of widely used parameters such as permeability, transepithelial electrical 

resistance (TEER), a metabolic activity that reflecting epithelial functionality. 

 

 

Figure 3. Schematic representation of intestinal epithelial barrier structure and the 

major tight junction proteins. AMPs: Antimicrobial peptides, IECs: intestinal 

epithelial cells.   
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3. Tight junction proteins 

3.1 Characterization of intestinal tight junction proteins 

The intestinal mucosal surfaces are under continuous contact to trillions of 

commensal microorganisms and antigens from ingested food products [46]. Mucosal 

surfaces are lined by a single layer of epithelial cells that separates the intestinal 

lumen from the underlying lamina propria and act as the first line of defense against 

the pathogen, physical disruption and harmful environmental factors [47]. These 

protective barriers are regarded as tight junction’s complex [48]. 

Tight junctions (TJs) are intercellular adhesion complexes that play an essential role 

in maintaining the intestinal barrier and health of animals [49]. In addition to 

preventing the entrance of foreign antigens freely across the epithelium, such as 

pathogens and toxins coming from the intestinal lumen, the intestinal barrier 

regulates selective permeability for the absorption of nutrients [50]. Moreover, the 

TJ barrier is actively involved in the regulation of intercellular communication and 

paracellular transport [49]. The tight junction proteins consisting of occludin, 

claudins, zonula occludens (ZOs: ZO-1, ZO-2, ZO-3, MUPP-1), which interact with 

each other, as well as with the cytoskeleton to form a complex architecture [51]. Loss 

of TJs as a result of either inflammation or other stressor factors impair the proper 

cell to cell functioning and is thought to induce the pathogenesis of several diseases, 

which consequently results in increased permeability and activation of mucosal 

responses [52].  

 

3.2 Zonula occluden family 

Zonula occludens (ZO) proteins are scaffolding proteins belongs to a family of multi-

domain proteins known as the membrane-associated guanylate kinase (MAGUKs) 

homologs [53]. There are three different ZO-1 proteins with common structural 

features, Src homology 3 (SH3) domain, guanylate kinase (GUK) domain and N-

terminal region with 3PDZ domains [54]. ZO appears to be a framework to organize 

the proteins connecting transmembrane proteins to other cytoplasmic proteins and to 
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actin microfilaments. Moreover, ZO proteins form the central network for protein 

interactions and are required for assembly of both adherents and tight junctions, 

thereby contributing to the so-called “junctional plaque” [55]. ZO contains multiple 

domains that bind a diverse set of junction proteins where the first PDZ domain of 

all ZO proteins directly interacts with the carboxyl-terminal domain of the claudins, 

and this association has been attributed to have a central role in TJ assembly and 

function. Therefore, ZO has been indicating the importance in the regulation of tight 

junction protein assembly 

 

3.3 Occludin family 

The name of occludin derives from the Latin word ‘‘occludere’’, which means to 

occlude is the first identified transmembrane TJ protein with a 65-kDa located at the 

TJ [56]. This integral protein of TJ complex is a tetraspan protein comprises of four 

transmembrane domains, two extracellular loops of similar size, an NH2- and 

COOH-terminal cytoplasmic domains [57]. Occludin is capable of binding directly 

through carboxyl segment, to the MAGUK proteins ZO-1, ZO-2 and ZO-3 [58]. 

Occludin interactions with ZO-1 and this binding are necessary for tight junction 

barrier regulation. 

It has been proposed that occludin interact, directly or indirectly, with claudin [59]. 

Although occludin is a clear component of TJ complex, its precise role in TJ remains 

unclear. It has also been revealed that occludin downregulation in intestinal led to an 

increase in intestinal epithelial TJ permeability [60]. However, the occludin 

depletion in intestinal epithelial cells, both in vitro and in vivo results in a molecular 

size-dependent increase macromolecule permeability in paracellular flux [61].  

 

3.4 Claudin family 

Mammalian claudins family are 20 to 27 kDa proteins [62] and have four 

transmembrane domain proteins with two extracellular loops (ECL1–2), cytoplasmic 

terminal residues, and an intracellular loop (ICL) mediating cell to cell contacts [63]. 
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It is proposed that the first extracellular loop (ECL1) is important for determining 

the paracellular tightness and the selective paracellular ion permeability, and the 

second extracellular loop is involved in cell-cell adhesion [64]. The carboxy-termini 

of claudins contain a PDZ-binding motif and bind to PDZ domains within the 

cytoplasmic scaffolding proteins ZO-1 and ZO-2, these interactions are thought to 

be important for junction assembly [65]. Loss of the paracellular barrier-forming 

claudin leads to inflammation in several mouse knock-out models [66]. 

Based on their sequence similarity, TJs are divided into classic and non-classic 

claudins [67]. Some of TJ proteins have sealing functions (claudins 1, 3, 5, 11, 14, 

19, and tricellulin). In contrast, a significant number of claudins form channels across 

TJs which feature selectivity for cations (claudins 2, 10b, and 15), anions (claudin‐

10a and ‐17), or are permeable to water (claudin‐2).  

4. Experimental evaluation of intestinal barrier function  

Intestinal permeability and consequences of impaired intestinal barrier integrity can 

be evaluated with a number of permeability assays along with various marker 

molecules, alone or in combination, depends on the research question each providing 

very different information as to treatment endpoints in clinical studies [68]. When 

utilized and interpreted appropriately, intestinal permeability tests can give 

researchers valuable information about the status of epithelial barrier integrity, the 

effectiveness of barrier-targeting therapeutics, and the pathophysiology of diseases. 

4.1 Limitation for the evaluation of intestinal permeability 

Despite the advantages that intestinal permeability tests, correlation results of these 

biomarkers and functional permeability through studies are difficult to interpret, 

representing a major shortcoming in the field. Due to a number of limitation 

mentioned in Tables 1 and 2 extrapolation of intestinal permeability findings to 

overall barrier function should be taken into consideration. Some major limitations 

include: 

1. Limitation to detect acute intestinal damage.  
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2. Specificity and sensitivity of many biomarkers to detect small changes in 

intestinal permeability. 

3. The outcome in most of these techniques is a single value of permeability, 

which does not allow to discern which region of the GI is being affected, and 

therefore must be used in combination with other methods [69]. 

4. Factors that affect the distribution and excretion of the orally administered 

probe, including gastric emptying, intestinal transit, bacterial degradation, 

intestinal blood flow [70]. 

5. Timing of blood or urinary collection should be taken into consideration [71]. 

Therefore, reliable, reproducible, and feasible methods for measuring and 

interpreted appropriately of intestinal permeability in the clinical setting are 

necessary. 
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Table 1. Measurements of intestinal permeability based on the assay.   

Assay Measurement  Probe  Limitations 

In vivo Oligosaccharides 

of different 

molecular 

weights [72] 

 

Sugars 

 

Baseline food contamination, 

laborious detection with HPLC, 

GC-MS or LC-MS 

Sucrose 
Degraded by sucrose in the 

duodenum 

Lactulose     

 
Degraded by intestinal bacteria 

Mannitol Degraded by intestinal bacteria 

Multi sugar test 

with rhamnose 

[73]  

 

Sucralose 

Resistive to bacterial 

degradation             

Long collection time 

 

Macromolecules 

Correlation with food-related 

antigens  

Limited use in humans 

 

 
Ovalbumin, 

HRP, dextrans 

Invasive when used in intestinal 

loops 

 

Ex vivo 

 

Intestinal loop Ions, sugars, 

PEG, FITC-

dextran, 

OVA, 51Cr-

EDTA, bacteria 

Invasive 

 Using chambers 

[74]  

Ions, sugars, 

PEG, FITC-

dextran, 

HRP, OVA, 

51Cr-EDTA 

Need for fresh tissue, limited 

viability (2 hours), laborious, 

operator-dependent 

 

In vitro Cell culture 

monolayers 

Electrical 

resistance, drugs, 

FITC-dextran, 

PEG, 51Cr-

EDTA, 

bacteria 

Long follow-up times, wide 

range of molecules, different 

test conditions 

Less representative to the in 

vivo condition, cell culture 

variability 

Lacks host complexity 
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Table 2. Measurements of intestinal permeability based on biomarkers. 

Biomarkers Biological material Limitations 

Urine 
Claudin proteins [72]     

Non-specific for gut (e.g. release 

from kidney epithelia) 

 FABP [75] Only useful for acute damage 

 α-GST [76] Non-specific, possibly only useful 

for acute damage 

Blood FABP [75]  Only useful for acute damage 

 α-GST [76]  Non-specific, possibly only useful 

for acute damage 

 Citrulline [77]  Laborious detection 

 Zonulin [78]  Low specificity for detection with 

ELISA 

 Bacteria and bacterial 

products [69]  

Not all bacteria can be cultured, 

high false positive rate for LPS 

detection  

 EndoCab [79]  Indirect marker for bacterial 

translocation, correlation with IP 

conflicting 

 D-lactate [80]  Limited data in humans 

Non-specific, influenced by 

bacterial overgrowth 

Feces Calprotectin [81]

     

Indirect marker dependent on the 

presence of intestinal inflammation 
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4.2 Future direction for the evaluation of the intestinal permeability 

In recent years, a few excellent techniques have been introduced to evaluate 

intestinal barrier function, including confocal laser endomicroscopy (CLE) and 

primary epithelial monolayer cultures. 

CLE, a novel endoscopic-assisted technique, has emerged as a valuable tool for 

gastrointestinal endoscopic imaging. New imaging techniques with confocal laser 

endomicroscopy provide exciting opportunities for visualization and quantification 

in order to evaluate intestinal barrier integrity in vivo [82] with visualizing epithelial 

cell shedding and sites of barrier loss in patients during endoscopy in real time [83]. 

Several conducted studies have shown that CLE identifies loss of the mucosal barrier 

in patients with colorectal cancer [84], gastric cancer [85] and inflammatory bowel 

disease [86]. Laser-scanning confocal fluorescence microscopy has become an 

indispensable tool for a wide range of biomedical investigations research by virtue 

of its high spatial resolution. Confocal microscopy is widely used to visualize, 

compare and evaluate the staining intensity of the tight junctional complexes in order 

to determine their expression. 

Examination of images is a time-consuming and tedious work as a single scan for a 

patient may include up to tens of thousands of images of the GI tract. Moreover, 

abnormal frames may occupy only a very small portion of all of the images that 

might be missed due to fatigue or oversight [87]. In recent years, there has been a 

great interest in the computer image analysis in cell microscopy to develop 

automated algorithms to classify cell images into different grades (such as healthy, 

moderate and severe) [88], sub-cellular structures and studies on pattern recognition 

living cells [89]. The most important part of these techniques is based on extracting 

contextual features from given input images (e.g. edges, contours, morphology, and 

texture). The extracted features are then used in training deep learning models that 

are able to distinguish between different grades of the disease. Therefore deep-

learning algorithms, such as CNN technique can be an important option for real-time 

evaluation of intestinal barrier function that showed to exceed human performance 

in visual tasks in a broad range of diseases [47]. The main contributions can be 

summarized in terms of the following four aspects:  
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(1) This work is the first, at the best of our knowledge, experimental study to 

include porcine intestinal dataset collections to explore the feasibility of deep 

convolutional neural network for barrier integrity diagnosis. 

(2) Due to small size of dataset, the techniques for data augmentation 

including horizontal and vertical flips, rotating, zooming, contrast adjustment 

and brightness enhancement were applied to avoid the negative effect of the 

small data samples and to sufficiently train a CNN model. To reduce the 

heterogeneity of provided data, and hence, improvement of the classification 

performance, the pre-processing steps were used. These preprocessing steps 

also help to reduce the sensitivity of the deep CNN to contrast and intensity 

bias. Therefore, the deep CNN gained a high-level structure information more 

efficiently that ensures to gain a better prediction. 

(3) An extensive comparison of different state-of-the-art CNNs provided to 

select the most promising networks for accurate barrier integrity recognition 

in IPEC-J2 images. 

(4) A hybrid CNN model based on their great success in image classification 

for classifying IPEC-J2 is proposed. 

(5) The goal of aggregating features from intermediate convolutional layers is 

to generate high-level discriminative feature maps from deep CNN 

architectures. This approach results in the detection of more complex patterns 

from each input image that gives a high accuracy with a low error rate. 

5. The beneficial effect of deep convolutional neural network  

The use of image processing technology has recently been extended to animal 

behavior and welfare research as it offers tools to monitor and to obtain feedback on 

animal location [90]. Although the effect of deep convolutional neural network (deep 

CNN) in other areas has long been investigated, its application in the animal 

experimental study, particularly in porcine intestinal cells, has not been yet 

investigated. It is expected to improve livestock animal health and welfare 

assessments to enhance problem identification in the livestock industry. However, 
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animal intestinal abnormality detection is difficult to analyze in practice, due to the 

inefficiencies involved in manually determining, and shortfall of experimental tests. 

Furthermore, the effectiveness of an abnormality assessment relies on the intuition 

of the observer, which may vary considerably between assessors. Hence, this study 

investigates the application of machine learning systems to recognize and detect the 

intestinal abnormality of animals in a quantitative manner. Findings indicate that 

further research is required to develop systems that can accurately detect the 

morphology and abnormality of animals more objectively and effectively in a 

commercially realistic environment. 

 

П. Introduction 

Intestinal epithelial cells play an essential role in mucosal immunity that greatly 

contributes to the maintenance of the gastrointestinal system. Its role includes 

participating in the exchange of nutrients, secreting different regulatory mediators 

[1], constructing mucosal barriers, and responding to bacterial antigens [2]. This 

intestinal barrier constituted by tight junction proteins forms an integrated network 

of tissues, cells, and molecules that protect intestine against a wide variety of 

pathogens. The integrity of the gastrointestinal epithelial barrier is compromised in 

tight junction dysfunction. Recent studies have reported that the loss of gut integrity 

caused by disruption of thigh junction proteins could lead to the pathogenesis of 

many intestinal disorders [5]. In addition, activation of the mucosal immune system 

caused by loss of barrier integrity led to secretion of inflammatory mediators, which 

in turn result in increased barrier dysfunction.  

Direct visualization of barrier disruption using confocal microscopy can provide a 

more detailed analysis of intestinal epithelial permeability. The use of lasers, a wide 

range of fluorescent probes and detectors also can aid in the analysis of multiple 

parameters within one sample. Several methods have been developed for non-

invasive measurement of gut permeability by providing integrated measurement and 

have been successful in the examination of gut permeability of barrier function [91-
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92]. While these techniques have proved useful, they do not provide optical 

information on the sites of barrier dysfunction.  

Taking samples from abnormal or suspicious tissue is a pre-requisite step in studying 

the manifestations of the disease. With the recent technological advances, the speed 

for producing cell lines [93] has increased significantly and provided an unlimited 

supply of material associated with the use of animal and human that made a large-

scale of histopathology images available that need to be analyzed. Besides, modern 

technology allows studying digital slides on a computer with a high resolution and 

magnification level rather than through a microscope. However, the manual 

examination and interpretation of acquired images is a challenging task since it is 

expensive, error-prone, time-consuming as well as the requirement of experienced 

pathologists. Furthermore, the inter- and intra-observer variability can adversely 

affect the reproducibility of the results [94].  

Given the importance of monitoring intestinal permeability and the significant 

healthcare cost associated with the gut barrier disruption, early detection and 

interpretation in measuring intestinal permeability are an area of active research, and 

adequate experimental models are therefore required to further understand the gut 

barrier disruption [95]. Over the past decade, developing automated computer-aided 

diagnosis (CAD) systems that integrated with image processing and machine 

learning methods, has drawn considerable attention by achieving success on various 

biomedical image analysis tasks [94],  and even outperforming the duty of the 

physicians [96], . These methods could be considered as the second opinion to 

decrease misdiagnosis (false positive and/or false negative) of errors rate and also 

reduce the heavy workload of manual diagnosis.  

The main goal of the present study was to develop a deep learning method to 

automatically analyze digitized IPEC-J2 images. In this thesis, designing and 

evaluating different deep learning architectures for automatic feature extraction from 

input images in order to accurately assess the grade of localization and disruption of 

IPEC-J2 tight junction proteins has been focused. Therefore, developing an 

automated method based on deep learning models has the potential to provide 
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pathologists with a second opinion to decrease the misdiagnosis rate of IPEC-J2 

images and also reduce the heavy workload of manual diagnosis. 

 

Ш. Materials and methods  

1. Methodology 

The methodology used in this study is mainly divided into the following six stages, 

as demonstrated in Figure 4. Initially, the IPEC-J2 cell images were collected to 

make dataset. Then, different data augmentation methods such as vertical flip, 

horizontal flip, rotation, illumination and contrast enhancement have been employed 

to increase the dataset size. After that, different necessary pre-processing methods 

specific for deep learning architecture are utilized to improve the quality of visual 

information of input image. All of these data preparation methods help to increase 

the visibility of crucial structures from each input image. After data preparation, 

input images fed into the selected deep CNN architectures to obtain initial results. 

Based on the achieved results, an ensemble CNN architecture designed to investigate 

the method of hybrid CNN architecture to furthermore the detection rate of the IPEC-

J2 cells image classification. Finally, the performance of the proposed architecture 

is validated on test images. 
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Figure 4. The block diagram of the proposed methodology. 

 

2. Motivation and Contribution 

2.1 The contribution of the proposed ensemble model: 

The first, in this thesis, extracting a set of discriminative features from relatively 

small training data can achieve promising results is demonstrated. Additionally, the 

issue of small dataset with employing different data augmentation techniques is 

addressed. Different regularization strategies are applied such as L1 and L2 

regularization to address overfitting issue and improve the generalizability of the 

proposed CNN architecture. The second, the performance of different well-

established architectures in extracting high-level contextual information in order to 

boost the recognition of slight differences between classes in IPEC-J2 image 

classification is evaluated. The performance of 8 widely-used deep CNN architecture 

namely, VGG-Net [29], InceptionV3 [22], MobileNet [24], DenseNet [28], Xception 

[23], NAS-Net [26], InceptionResNetV2 [30] and ResNet [27] models are 

considered. Results indicate the ensemble of different CNN architectures and also 

the aggregation [100] of intermediate CNN layers leads to a better performance 

despite the small number of training samples. Moreover, a multi-layer perceptron 

classifier with three layers is used to train the features extracted from ensemble 
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models. Furthermore, a comparative study of the performance of different ensemble 

models with the individual deep CNN architectures demonstrates the benefits of the 

proposed approach. 

Finally, the transfer learning strategy and an extensive hyper-parameter tuning are 

employed to find the optimal parameters in the training process, which are proved to 

be very beneficial for different image analysis tasks. Transferring the weights trained 

on ImageNet dataset as weights initialization instead of training our models using 

weights initialized randomly is another purpose for this study. The presented 

ensemble classification architecture obtains better results compared with that of 

individual deep CNN models. The metrics for performance evaluation of all 

ensemble and individual models are based on accuracy, sensitivity and specificity. 

 

2.2 Two-path ensemble architecture for IPEC-J2 cell image classification 

The main contribution of this research is to evaluate the performance of widely-used 

deep CNN architectures and then propose an ensemble CNN architecture that 

combines features from selected intermediate layers to generate discriminative 

feature for IPEC-J2 cells image classification. For designing the ensemble of deep 

CNN models, best architectures from the first stage is selected based on their i) 

ability in extracting discriminative features from the input images, ii) obtaining 

optimal detection rate, and iii) feasibility of employing transfer learning technique. 

Ensemble of deep learning models recently has drawn considerable attention due to 

its recent success in image analysis in comparison with individual deep CNNs. Since, 

each CNN architecture has its limitations in addressing the large variations of shape, 

texture and also the structure as present in IPEC-J2 cell images. Ensemble models 

also can improve the generalization ability of the network and improve the 

performance by combining the output result of each architecture.  

With aforementioned advantages of the ensemble models, in this study, different 

two-path ensemble models are proposed to make use of the benefits of the best 

classifiers. I proposed an ensemble of InceptionV3 and DenSeNet201 architectures 

as an example for IPEC-J2 cells image classification. Referring to Figure 5, the 
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proposed model is constructed based on two pre-trained CNN architectures as a 

feature extractor. Features are immediately extracted from convolutional layers after 

each pooling layers as auxiliary supervision features for further improvement. Next, 

a global average pooling is applied on each selected intermediate layers. These 

auxiliary features from intermediate layers can aid in learning high-level 

discriminative features besides the existing extracted features from individual pre-

trained architectures. The extracted features from each architecture and also auxiliary 

supervision features then are concatenated together to produce the final feature 

vector. The final feature vector then used as input for training a multi-layer 

perceptron classifier with three fully connected layers consist of different hidden 

neurons to train extracted features. Finally, three output neurons associating with 

healthy, moderate and severe cases with softmax non-linearity activation function 

are used at the classifier layer.  

Applying a global average pooling operation can aid in reducing the number of 

parameters and prevent getting stuck in the poor local minima in very deep CNNs 

architectures while the training dataset is small. Furthermore, by decreasing the 

number of parameters, the gradient can flow within the very deep network regardless 

of the network depth, i.e. the number of convolutional layers, hidden layers and units. 
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Figure 5. Illustration of the proposed ensemble network with a two-path CNNs of 

DenSeNet201 and InceptionV3. 
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ΙV. Experiment 

1. Dataset description 

The dataset used for this research collected from different studies in the literature. 

Informations for figures reuse permission are further detailed in the Tables 3 and 4, 

and Appendix 2. 
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Table 3. Copyright permissions of figures used for dataset.   

 Figures Name of work Copyright and Permission Ref. 

1 Fig. 4  

Fig. 5 

Altered cytokine expression 

and barrier properties after in 

vitro infection of porcine 

epithelial cells with 

enterotoxigenic Escherichia 

coli and probiotic Enterococcus 

faecium 

Licensed with a Creative 

Commons Attribution-

NonCommercial-

NoDerivs 2.0 Generic 

(CC BY-NC-ND 2.0) 

[101] 

2 Fig. 

1B 

Fig. 2F 

Bacillus subtilis protects 

porcine intestinal barrier from 

deoxynivalenol via improved 

zonula occludens-1 expression 

Licensed with a Creative 

Commons Attribution-

NonCommercial-3.0 

Unported (CC BY-NC 

3.0) 

[102] 

3 Fig. 

3C 

Fig. 

6C 

Cecropin A modulates tight 

junction-related protein 

expression and enhances the 

barrier function of porcine 

intestinal epithelial cells by 

suppressing the MEK/ERK 

pathway 

Licensed with a Creative 

Commons Attribution 

4.0 International (CC 

BY 4.0) 

[103] 

4 Fig. 7 Effects of Lactobacillus 

johnsonii and Lactobacillus 

reuteri on gut barrier function 

and heat shock proteins in 

intestinal porcine epithelial 

cells 

Licensed with a Creative 

Commons Attribution 

4.0 International (CC 

BY 4.0) 

[104] 

5 Fig. 

4C 

Fig. 8E 

Nontoxic concentrations of 

OTA aggravate DON-induced 

intestinal barrier dysfunction in 

IPEC-J2 cells via activation of 

NF-κB signaling pathway 

Licensed with the terms 

and conditions provided 

by Elsevier and 

Copyright Clearance 

Center. 

[105] 

6 Fig. 

3B 

The food contaminant 

deoxynivalenol, decreases 

intestinal barrier permeability 

and reduces claudin expression 

Licensed with the terms 

and conditions provided 

by Elsevier and 

Copyright Clearance 

Center. 

[106] 

7 Fig. 

4C 

Fig. 

6A 

Toll-like receptor 5-mediated 

IL-17C expression in intestinal 

epithelial cells enhances 

epithelial host defense against 

F4+ ETEC infection 

Licensed with a Creative 

Commons Attribution 

4.0 International (CC 

BY 4.0) 

[107] 

 

 



28 
 

Table 4. Copyright permissions of figures used for dataset.   

 Figures Name of work Copyright and 

Permission 

Ref. 

8 Fig. 7 Thymol improves barrier function 

and attenuates inflammatory 

responses in porcine intestinal 

epithelial cells during 

lipopolysaccharide (LPS)-induced 

inflammation 

Copyright © 2019, 

American Chemical 

Society 

 

[108] 

9 Fig. 4 Protective effects of Lactobacillus 

plantarum on epithelial barrier 

disruption caused by 

enterotoxigenic Escherichia coli in 

intestinal porcine epithelial cells 

 

Licensed with the terms 

and conditions provided 

by Elsevier and 

Copyright Clearance 

Center. 

[109] 

10 Fig. 

1C,D 

Fig. 

2F,H 

Fig. 3D 

Fig. 4E 

Fig. 5G 

OTA induces intestinal epithelial 

barrier dysfunction and tight 

junction disruption in IPEC-J2 

cells through ROS/Ca2þ-mediated 

MLCK activation 

 

Licensed with the terms 

and conditions provided 

by Elsevier and 

Copyright Clearance 

Center. 

[110] 

11 Fig. 7 

Fig. 8 

Vulnerability of polarised 

intestinal porcine epithelial cells to 

mycotoxin deoxynivalenol 

depends on the route of 

application 

Licensed with a 

Creative Commons 

Attribution 4.0 

International (CC BY 

4.0) 

[111] 

12 Fig. 7 

Fig. 8 

Fig. 9 

β-Conglycinin-induced intestinal 

porcine epithelial cell damage via 

the nuclear factor κB/mitogen-

activated protein kinase signaling 

pathway 

 

Copyright © 2019, 

American Chemical 

Society 

 

[112] 

13 Fig. 4 β-Conglycinin reduces the tight 

junction occludin and ZO-1 

expression in IPEC-J2 

Licensed with a 

Creative Commons 

Attribution-

NonCommercial-

ShareAlike 3.0 

Unported (CC BY-NC-

SA 3.0) 

[113] 

14 Fig. 1D 

Fig. 2D 

Fig. 

4C,D 

Barrier protection via Toll-like 

receptor 2 signaling in porcine 

intestinal epithelial cells damaged 

by deoxynivalenol 

Copyright © 2016, 

Springer Nature 

[114] 
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IPEC-J2 cells were treated with different stimuli including: enterotoxigenic 

Escherichia coli (ETEC) [3-6], Deoxynivalenol [7-10], Ochratoxin A (OTA) 

[115][110], Citrinin [115], Lipopolysaccharide (LPS) [116] and/or β-conglycinin 

[112]. Cellular distribution and Immunofluorescence localization of the tight 

junction proteins (Claudin, Occludin and ZO-1) were visualized and evaluated using 

confocal laser scanning microscopy. 

The goal of this research is to develop a deep learning-based model to automatically 

classify cells within IPEC-J2 cell images. The dataset consists of 102 IPEC-J2 cell 

images acquired with a fluorescence microscope. IPEC-J2 cells are categorized into 

three classes: Normal or untreated (44 cell images), Moderate (28 cell images), and 

Severe (30 cell images). Representative figures of Normal, medium and severe TJs’ 

disruption in the IPEC-J2 cells are depicted in Figures 6, 7 and 8, respectively. The 

first group of untreated IPEC-J2 cells was defined as the normal class, the two remain 

treated groups were categorized as a moderate (second) class and severe (third) class. 

In the experiment using two-groups, first untreated IPEC-J2 cells were defined as 

the normal class and the second group were defined as a severe class. 

In the experiment with four-group’s treatment, first untreated IPEC-J2 cells were 

defined as normal, moderate, and two last groups were categorized as a severe class. 

The methodology of disturbing IPEC-J2 cells barrier integrity pattern is depicted in 

Table 5. 
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Table 5. IPEC-J2 cells barrier integrity annotation based on normal, moderate and 

severe TJs’ disruption.   

1 
Two-group treatment 

Ref. 

 Control      Severe   

 

  

  [104] 

2 Three-group treatment  

 Control Moderate Severe   

 

   

 [114] 

3 Four-group treatment  

 Control Moderate Severe  

 

    

[112] 
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Figure 6. Representative figures showing normal TJs in IPEC-J2. 
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Figure 7. Representative figures showing medium disruption of TJ in IPEC-J2. 
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Figure 8. Representative figures showing severe disruption of TJ in IPEC-J2. 
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2. Data pre-processing 

 

2.1 Resizing:  

Concerning the variations in the dimension of the input images, all of the images 

have been resized from the center to the final resolution of 256×256 pixels according 

to the aspect ratio using bicubic interpolation.  

2.2 Z-score image normalization:  

In order to remove bias from the features, the intensity value of the all images have 

been normalized so as to have a zero mean and a standard deviation of one. Using 

Z-score image normalization, a uniform distribution of the dataset can be obtained.  

2.3 Image normalization:  

Another essential pre-processing step in deep learning models is image 

normalization [117]. In this way, all input images are normalized by min-max 

normalization to the intensity range of [0, 1], which is calculated as: 

Xnorm =  
X −  Xmin

Xmax −  Xmin

 

where X is the pixel intensity. X_min and X_max are minimum and maximum 

intensity values of the input image, respectively. Images also have been normalized 

using ImageNet mean subtraction. The ImageNet mean is a pre-computed constant 

derived from ImageNet database [118]. 

 

3. Data augmentation 

Due to the limited size of provided datasets, various data augmentation techniques 

applied to sufficiently train a CNN models. In this regard to address the issue of 

limited dataset size, different data augmentation methods, including horizontal and 

vertical flips, rotating, zooming, contrast adjustment and brightness enhancement are 

employed to avoid the negative effect of the small data samples and optimize the 

performance of the deep CNN model. The data augmentation parameters employed 
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for this research are presented in Table 6. Examples of images after applying 

different data augmentation techniques are shown in Figure 9. 

 

Figure 9. Images after data augmentation techniques. (a) rotation and contrast 

adjustments, (b) vertical, horizontal flip, (c) vertical, horizontal flip, contrast 

adjustments and rotation, (d) horizontal and vertical flip, contrast adjustments and 

brightness correction (e) vertical flip, brightness correction and rotation, (f) vertical 

flip, horizontal flip and contrast adjustments. 

 

Table 6. Data augmentation parameters employed to increase the dataset 

size. 

No. Parameter Value 

1 Rotation 90 

2 Zoom range 0.2 

3 Shear range 0.3 

4 Contrast adjustment True 

5 Brightness enhancement True 

6 Vertical flip True 

7 Horizontal flip True 

8 Fill mode Nearest 
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4. Metrics for performance evaluation 

To quantify the performance of the proposed method based on the obtained results, 

three evaluation metrics, namely, accuracy, sensitivity and specificity, are used[119]. 

Given the number of true positives (TP), false positives (FP), true negatives (TN) 

and false negatives (FN), the measures are mathematically expressed as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 × 100 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 × 100 

Specificity =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 × 100 

 

5. Experimental Setup 

For implementing all of the experiments, 60% of the input images of each class are 

used for training set, 20% for the validation set, and the remaining 20% for the test 

set. All images were resized to the size of 256×256 pixels using bicubic interpolation. 

To achieve optimal performance, first perform an extensive grid-search for several 

hyper-parameter tuning performed to obtain the best hyper-parameter sets for 

training all models. The batch size was set to 64, and all models were trained for 400 

epochs. The multi-layer perceptron classifier with three fully connected layers with 

4096, 128 and 64 hidden neurons. The last fully connected layers followed by a 

dropout layer with the probability of 0.5 for a dropout layer to prevent over-fitting 

issue. Tanh activation function used for all fully connected layers and L1 and L2 

regularization with values of 0.001 and 10-6, respectively. Adam optimizer is used 

to update the weights for all of the experiments with β1, β2 and learning rate of 0.6, 

0.8 and 0.0001, respectively. The operating system is Windows with an Intel(R) Core 

(TM) i7-8700K 3.7 GHz processors with 32 GB RAM, and the proposed architecture 

implemented in Python using Keras package with Tensorflow as backend and run on 

Nvidia GeForce GTX 1080 Ti GPU with 11GB RAM. 
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V. Results  

The obtained results are derived from the 765 test images, which were not used in 

the training phase. The test set was consisting 329 healthy cases, 211 moderate cases 

and 225 severe cases on the augmented dataset. The evaluation metrics of accuracy, 

sensitivity and specificity used to measure the performance of the models. 

 

1. Deep features extraction based on transfer learning 

The experiments started by investigating the effect of different deep CNN 

architectures in extracting deep features from input image and achieving optimal 

prediction on the unseen test data. As the results confirm, there is a level of variation 

in all results when running the experiments with different deep CNN architectures. 

Referring to Table 7, MobileNet, NASNetLarge and InceptionV3 with accuracies of 

95.82%, 95.16% and 95.03%, respectively, significantly outperforms the other 

individual architectures on the provided dataset. The worst classifier is observed by 

ResNet50 architectures with an accuracy of 56.99%, sensitivity of 63.72%; however, 

the high specificity of 100%. High sensitivity (100%) result achieved by 

DenseNet201, and high specificity (100%) obtained by VGG19, ResNet50 and 

InceptionResNetV2 architectures.  

 

 

 

 

 

 

 



38 
 

Table 7. Classification results from pre-trained deep CNN models.  

Method Accuracy (%) 
Sensitivity 

(%) 
Specificity (%) 

Xception 91.11 99.36 93.72 

InceptionV3 95.03 97.50 93.54 

MobileNet * 95.82 97.31 98.52 

ResNet50 56.99 63.72 100 

DenseNet121 86.41 78.36 97.34 

DenseNet201 91.11 100 80.22 

InceptionResNetV2 80.78 70.99 100 

VGG16 81.05 73.13 98.83 

VGG19 82.35 75.40 100 

NASNetLarge $ 95.16 99.35 91.15 

NASNetMobile 90.46 95.25 87.50 

* The best result; $ represents the second-best result of the respective category. 
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2. Deep feature extraction based on deep learning-based ensemble 

models 

Various individual deep CNN architectures with different types of convolutional 

modules and different number of convolutional layers and parameters were selected 

for this thesis. However, few studies presented on the application of ensemble 

models in the literature [120-122]. Hence, the potential of deep CNN ensemble of 

the best performing models from results from pre-trained deep CNN models will be 

explored to further improve the final performance. Based on the results, architectures 

have been selected based on their good prediction performance. Then, different two-

path ensemble-based methods with appropriate fine-tuned parameters were designed 

for more experiments. Based on the results derived from Table 7, the performance 

of 5 architectures, namely, MobileNet, NASNetLarge, InceptionV3, DenseNet201 

and Xception architectures, achieve the best results; hence, other architectures have 

been dismissed for subsequent experiments. Nine version of two-path ensemble 

models, as showed in Table 8, were designed using these selected 5 architectures. 

The obtained results from different deep CNN ensemble architectures are presented 

in Table 8. Referring to Table 8, it is clear that some deep learning-based ensemble 

methods obtained better predictions than the individual models. On comparing the 

performance of the individual and ensemble architectures, it is found that the 

ensemble of InceptionV3 and DenseNet201 achieved the best result with an accurate 

detection rate of 99.22% than the individual InceptionV3 architecture with detection 

rate of 95.03% and the individual DenseNet201 architecture with detection rate of 

91.11%. The second-best ensemble architecture, the ensemble of InceptionV3 and 

MobileNet, also yields a higher overall accuracy with detection rate of 97.78% than 

the individual InceptionV3 architecture with detection rate of 95.03% and the 

individual MobileNet architecture with detection rate of 95.82%. As an example, 

comparing deep CNN ensemble model of InceptionV3 with DenseNet201with the 

ensemble of InceptionV3 with MobileNet, it could gain 1.44% gap in terms of 

accuracy, 3.46% gap in terms of sensitivity, and both ensemble models achieved 

100% for specificity. Similar conclusions can be drawn for other ensemble models. 
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Table 8. Classification results from different ensemble deep CNN models.  

Method 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

InceptionV3+DenseNet201 * 99.22 99.09 100 

DenseNet201+NASNetLarge 43.01 60.92 - 

InceptionV3+MobileNet $ 97.78 95.63 100 

InceptionV3+NASNetLarge 78.82 69.11 100 

InceptionV3+Xception 82.88 100 92.13 

MobileNet+DenseNet201 50.85 61.30 - 

MobileNet+NASNetLarge 50.46 64.60 - 

MobileNet+Xception 57.39 61.81 - 

Xception+NASNetLarge 43.01 60.92 - 

* The best result; $ represents the second-best result of the respective category. 

 

The quantitative results for these two ensemble models are also summarized in the 

form of confusion matrices in Figure 10 and Figure 11. It can be seen that the 

misclassified cells of the ensemble of InceptionV3 and DenseNet201architecture are 

more commonly healthy cases that mislabeled as Moderate and Severe cells. In 

conclusion, the InceptionV3 with DenseNet201 is the best learner, and its 

counterpart, InceptionV3 with MobileNet, is the second-best learner. Referring to 

Table 8, it is clear that the ensemble of InceptionV3 with DenseNet201 architectures 

surpass other ensemble models in terms of accuracy (99.22%), sensitivity (99.09%) 

and specificity (100%), which implies that ensemble-based learning could extract 

more discriminative contextual features from the input images, hence leading to a 

better detection rate. In IPEC-J2 cell image classification on the test set, the ensemble 

of Xception with NASNetLarge obtained a very poor result with an accuracy of 

43.01% and a sensitivity of 60.92%. 
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Figure 10. Confusion matrix of IPEC-J2 cell image classification using an 

ensemble of InceptionV3 and DenseNet201 model. 
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Figure 11. Confusion matrix of IPEC-J2 cell image classification using an 

ensemble of InceptionV3 and MobileNet model. 
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VΙ. Discussion 

In this thesis, an effective two-path way deep learning-based ensemble method has 

been proposed for classification of IPEC-J2 cell image. The performance of various 

state-of-the-art deep learning architectures individually, as well as ensemble 

architectures, were evaluated and the ensemble of two well-established CNN 

architectures, namely, InceptionV3 and DenseNet201, achieved the highest 

accuracies and outperformed both the counterpart ensemble models and also 

individual CNN models. The extracted features from multiple abstraction levels of 

convolutional layers extracted as auxiliary supervision features for further 

improvement of the detection rates. Fusing features from selected intermediate layers 

can aid in learning high-level features besides the existing extracted features. Each 

of the selected deep CNN architectures for the present study is constructed by 

different types of modules and convolution, such as dense modules, inception 

module, residual blocks, depth-wise and point-wise layers with different learning 

ability can help learning different level of features from a given input image. 

Based on the obtained results presented in Table 8, it can conclude that the proposed 

ensemble method achieved better results in terms of evaluation metrics of accuracy, 

sensitivity, and specificity than individual pre-trained state-of-the-art architectures 

for IPEC-J2 cell image classification. In this thesis, various well-established Deep 

CNN models employed. All of the models are trained with 4611 training images and 

validated on 1152 images on the augmented dataset. The performance of the 

proposed deep CNN ensemble models is evaluated on the 765 test images, which 

were not use in the training and validation phase. Different results are obtained from 

the selected CNN architectures based on the type of modules and convolutional 

structure and layers. Based on the obtained results from the first stage of this thesis, 

classifiers with lower accuracy rate have been excluded. Next, based on the results 

derived from Table 7, different ensemble models designed and implemented from 

the best individual architectures to investigate the advantages of utilizing the 

ensemble models with auxiliary supervision in improving the detection rate. The best 

ensemble CNN architecture achieved an overall accuracy to 99.22%, which is 

significantly higher than individual CNN architectures. This behavior was expected 
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due to the inception and dense models in both InceptionV3 and DenseNet201 

architectures, which aids in extracting fine-grained contextual features to 

differentiate between different classes directly from input images more accurately. 

On comparing the performance of the ensemble architectures, it is found that the 

ensemble of InceptionV3 and DenseNet201 and also the ensemble of InceptionV3 

and MobileNet has superior detection rates than other ensemble models and also 

individual architecture.  

Experimental results demonstrate the two-path deep CNN ensemble architecture 

using pre-trained InceptionV3, and DenseNet201 architectures with the help of 

features aggregated from intermediate convolutional layers outperform all other 

deep CNN architectures and counterpart ensemble models with 99.20% in terms of 

accuracy. 
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