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Abstract: Lung and colon cancer are among humanity’s most common and deadly cancers. In 2020,
there were 4.19 million people diagnosed with lung and colon cancer, and more than 2.7 million
died worldwide. Some people develop lung and colon cancer simultaneously due to smoking
which causes lung cancer, leading to an abnormal diet, which also causes colon cancer. There are
many techniques for diagnosing lung and colon cancer, most notably the biopsy technique and
its analysis in laboratories. Due to the scarcity of health centers and medical staff, especially in
developing countries. Moreover, manual diagnosis takes a long time and is subject to differing
opinions of doctors. Thus, artificial intelligence techniques solve these challenges. In this study, three
strategies were developed, each with two systems for early diagnosis of histological images of the
LC25000 dataset. Histological images have been improved, and the contrast of affected areas has
been increased. The GoogLeNet and VGG-19 models of all systems produced high dimensional
features, so redundant and unnecessary features were removed to reduce high dimensionality and
retain essential features by the PCA method. The first strategy for diagnosing the histological images
of the LC25000 dataset by ANN uses crucial features of GoogLeNet and VGG-19 models separately.
The second strategy uses ANN with the combined features of GoogLeNet and VGG-19. One system
reduced dimensions and combined, while the other combined high features and then reduced high
dimensions. The third strategy uses ANN with fusion features of CNN models (GoogLeNet and
VGG-19) and handcrafted features. With the fusion features of VGG-19 and handcrafted features,
the ANN reached a sensitivity of 99.85%, a precision of 100%, an accuracy of 99.64%, a specificity of
100%, and an AUC of 99.86%.

Keywords: VGG-19; GoogLeNet; lung and colon cancer; FCH; ANN; GLCM; PCA; LBP; DWT

1. Introduction

Cancer is the second leading cause of death. In 2020, more than 19 million people
diagnosed with cancer were reported, and about 10 million people died worldwide [1]. The
human body contains trillions of cells that grow and multiply through division. Some cells
are damaged or reach a certain age, die, and are replaced by normal cells. If not replaced by
normal cells, the damaged cells grow, multiply, and form benign or malignant tumors [2].
Cells growing slowly and not damaging the surrounding tissues are benign tumors. In
contrast, the cells that grow abnormally and quickly and damage the surrounding tissues
are malignant tumors. Cancer cells infect many parts of the human body. Lung and colon
cancers are among the most common cancers affecting males and females equally. In
2020, the number of people diagnosed with lung and colon cancer reached 4.19 million,
and more than 2.7 million died worldwide. There are many behavioral causes of cancer,
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such as cigarette use, increased body mass, and alcohol abuse, along with exposure to
ultraviolet rays, radiation, and some biological and other factors that cause cancer [3].
There are cases of simultaneous occurrence of the two types of lung and colon cancer by
17%. According to the study, smoking is a cause of breast cancer, which causes an abnormal
diet, which also causes colon cancer [4]. The patient does not show any signs of the disease
in the early stages or shows few signs, but when symptoms appear, the tumor is in the
advanced stages, and it is too late. It is difficult to detect lung and colon cancer in its
early stages without comprehensive examinations such as CT scans, MRI, ultrasound and
tissue examination [5,6]. Therefore, smokers, those who are overweight, and those with a
genetic history should have regular check-ups. Screening techniques are expensive, and
many people on low incomes cannot afford the costs. According to the World Health
Organization, 70% of cancer deaths are in low- and middle-income developing countries.
Therefore, these countries must be supported to build hospitals with fully-equipped and
free-of-charge diagnostic laboratories and train medically qualified workers to carry out
appropriate diagnostic procedures. Moreover, diagnosing cancer cases takes a long time
and is subject to differing opinions of doctors, especially in the early stages. A different field
of health care can overcome these challenges. Artificial intelligence techniques are used in
the healthcare field, such as early diagnosis of biomedical images, predictions of diseases,
health disasters, and others [7]. Deep learning techniques have the ability to analyze data
from high-dimensional images, videos [8], and anatomical representations [9]. Moreover,
deep learning techniques extract hidden features and characteristics from medical images
that cannot be seen with the naked eye for the early detection of cancers and discrimination
between their stages. Because of the similar characteristics of the abnormal cells in the early
stages, in this study, several hybrid systems were developed with features extracted by
mixed methods. The study aims to extract the features of more than one algorithm and
combine them with deep learning features. Thus, each type of cancer is represented by
strong features that distinguish it from the others.

The main contributions to this study are as follows:

• Improving histological images in an overlapping manner between an average filter
and the CLAHE method.

• Eliminating redundant and unnecessary features produced from GoogLeNet and
VGG-19 models and save essential features by the PCA method.

• Extracting handcrafted features by integrating DWT, LBP, FCH and GLCM meth-
ods features

• Combining the features of the GoogLeNet and VGG-19 models after and before
reducing their high dimensions.

• Generating fusion feature vectors by integrating the features of the GoogLeNet and
VGG-19 models with the handcrafted features.

• Developing effective systems to help physicians and pathologists diagnose histological
images and support their decisions.

The rest of the paper is organized as follows: Section 2 discusses the previous systems
relevant to diagnosing lung and colon cancer. Section 3 presents our proposed systems’
various tools and techniques for analyzing histological images for the LC25000 dataset.
Section 4 discusses the implementation performance of all systems and summarizes their
results. Section 5 discusses the performance of systems and compares algorithms with their
results. Section 6 concludes the paper.

2. Related Work

Kwabena et al. [10] proposed DHSCapsNet to analyze histological images of lung and
colon cancer. The network consists of the fusion of DHSCaps with encoder features. The
features of the convolutional layers that contain strong information are grouped into the
encoder features. HSquash extracts information from a variety of backgrounds. Sanidhya
et al. [11] proposed a CNN Pre-Trained Diagnostic Network for Lung and Colon Cancer.
Shallow CNN architecture was used to analyze histological slips. The network achieved 96%
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and 97% accuracy for diagnosing colon and lung cancers, respectively. Mumtaz et al. [12]
proposed a capsule network with multiple inputs to construct a diagnostic model for
abnormal cell carcinoma of the lung and colon. The capsule network used two masses,
a convolutional layer block and a separate convolutional layer block. The convolutional
layer block (CLB) takes pathological images as input, while the Separable CLB takes
histopathological images for processing. SHAHID et al. [13] provided an effective model
for accurately diagnosing lung and colon cancer cells. AlexNet was tuned by modifying
the four essential layers and then training the dataset, which achieved an accuracy of 89%.
Mesut et al. [14] proposed the DarkNet-19 model to train the lung and colon cancer dataset
from scratch. The Equilibrium algorithm was applied to select the inefficient features and
then sort the inefficient features from the efficient ones. Efficient features are fed to the SVM
for classification. Mehedi et al. [15] proposed a deep learning model for diagnosing five lung
and colon cancer classes. Images are optimized, and 2D Fourier and 2D wavelet features
were applied to extract features. The model reached an accuracy of 96.33%. Ben et al. [16]
applied four pre-trained deep learning models to classify areas affected by colon cancer
through histological images of the AiCOLO dataset. SegNet and UNet have implemented
pixel segmentation. The pre-trained ResNet achieved an accuracy of 96.98%. Md et al. [17]
proposed a deep learning based on segmentation problems for abnormal cell detection to
measure biomarkers for colon cancer diagnosis. The model generates annotations using a
tool to help physicians diagnose conditions. Devvi et al. [18] proposed a pre-trained ResNet
model for colon cancer diagnosis. The models were tested on the dataset divided into 20%
and 40%, with ResNet50 getting better results than ResNet18. ResNet50 has achieved a
sensitivity of 87% and an accuracy of 80%. Changjiang et al. [19] developed a system that
uses labels to classify WSI images by combining the features of different magnification
factors for WSI images. The network achieved an accuracy of 94.6% for grading colorectal
cancer. Lin et al. [20] presented a deep learning network for segmentation of H&E-stained
images of histology of the colon cancer dataset for early diagnosis. The network achieved
an accuracy of 94.8% for images of tumor tissue. Dipanjan et al. [21] developed a 1D
CNN network for classifying small cell lung tumors. Images were fed to extract and
combine the hybrid features with the clinical features. The method achieved results that
exceeded the techniques of machine learning. Vinod et al. [22] designed a method to
identify pulmonary nodules from regions of interest. The watershed algorithm and Gabor
filter were applied to segment the lung regions. Features were extracted and categorized
by SVM. Won et al. [23] developed a DeepRePath network based on CNN to predict the
stages of lung adenocarcinoma. The network was trained using the Genome Atlas dataset
and validated by images of patients in the first and second stages. DeepRePath achieved
an AUC of 77%. Mizuho et al. [24] presented machine learning algorithms for diagnosing
three types of lung cancer. Features were extracted by homology-based image and texture
analysis methods. Machine learning algorithms classify the features extracted from the
two methods. Machine learning with the features of the homology-based image method is
better than the features of the texture analysis method.

The researchers aimed to achieve promising results in diagnosing lung and colon
cancer. Because of the similar characteristics of the types of tumors in their early stages,
promising accuracy is still the goal of all researchers. Therefore, this study focused on
extracting features from deep learning models and integrating them to represent each class
with representative features. It also combined the features of deep learning models with
handcrafted features to achieve promising results.

3. Materials and Methods

This section discusses the tools and techniques applied in this work to diagnose
histological images of the LC25000 dataset (Figure 1). All images were subjected to an
averaging filter and the CLAHE method to remove noise and increase the contrast of
low-light areas. The PCA method was applied after each GoogLeNet and VGG-19 model to
remove redundant and unimportant features and save essential features. The first strategy
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used ANN with the important features of GoogLeNet and VGG-19. The second strategy
used ANN with hybrid features of GoogLeNet and VGG-19, where features are combined
before and after PCA. The third strategy used the fusion features of the CNN models
(GoogLeNet and VGG-19) and the handcrafted features.
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Figure 1. Methodologies framework for proposed systems for histological image diagnostics for the
LC25000 dataset.

3.1. Description of the LC25000 Dataset

This study collected a dataset of histopathological images of lung and colon cancer
called LC25000 from the publicly available Kaggle website to evaluate the proposed sys-
tems [25]. The dataset was compiled by Andrew Borkowski and his associates at James
Hospital Tampa, Florida, which consists of 25,000 images divided into two types of colon
cancer and three types of lung cancer. The images are distributed among the five types
equally, meaning the dataset is balanced, and each type contains 5000 images. These
types are colon_aca (Adenocarcinoma) and colon_bnt (Benign Tissue), lung_aca (Adeno-
carcinoma), lung_bnt (Benign Tissue), and lung_scc (Squamous Cell Carcinoma). Colon
adenocarcinoma accounts for more than 95% of colon cancers due to the non-removal of
polyps in the large intestine. Adenocarcinoma of the lung accounts for more than 40% of
lung cancers, which appear in glandular cells and spread within the lung and alveoli. Lung
squamous cell carcinoma accounts for more than 30% and is the second most common type
of lung cancer, which appears in the bronchi. The other two types are benign and do not
spread to other parts of the body. However, it must be effectively verified by biopsy and
removal. Figure 2a shows the samples of the LC25000 dataset for the five classes.
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3.2. Improving Histological Images for the LC25000 Dataset

Preprocessing is necessary to improve images by removing noise and optimizing im-
portant properties to extract critical information from images and to make them compatible
with deep learning and machine networks. Images of the LC25000 dataset contain noise
due to biopsy mixed with various medical materials and poor contrast between affected
and surrounding tissues. Therefore, all images of the LC25000 dataset in this study were
subjected to consecutive treatments. RGB is adjusted by averaging each channel [26]. The
color consistency was also adjusted by scaling the color consistency of the texture of each
image. An average filter was applied to each histological image of lung and colon cancers
to improve their appearance. Each time the filter takes 16 pixels (the center pixel and its
neighbors), it calculates averages of 15 pixels and replaces them with the center pixel. The
process is repeated, and the filter moves to select another 16 pixels, and so the process
continues until each pixel is targeted in the image, as in Equation (1).

z(i) =
1
N

N−1

∑
j=0

x(i − j) (1)

where z(i) refers to inputted, x(i − j) refers to the first input, and N refers to the number
of pixels.

After the removal of artifacts, tissue contrast is increased by CLAHE technology. The
technology improves the non-luminous pixels by showing bright pixels and distributing
them over dark areas. The technology targets a central pixel with a certain number of
neighbors and compares it with its neighbors. When the central pixel’s value is greater
than its neighbors, the technique increases the contrast. On the other hand, when the value
of the central pixel is smaller than its neighbors, the method reduces the contrast [27]. The
process is repeated and moves to select another pixel with its neighbors, and thus the
process continues until every pixel in the image is targeted. Figure 2b describes histological
samples after improvement.
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3.3. ANN Network with CNN Features

This section describes the development of a hybrid technique for histological image
diagnostics for the LC25000 dataset in its early stages. Because deep learning models are
late in training datasets on expensive computers, this technique solves this challenge. The
main idea of this technique is to extract features from CNN models and feed them to PCA
to select essential features and remove unimportant and redundant features [28]. Essential
features are classified by ANN very efficiently.

3.3.1. CNN Features

In recent years, biomedical images have received widespread interest from CNNs,
which consist of feature extraction layers and layers for classification. The greater the depth
of CNN networks, the better the performance; however, the increase in depth leads to fading
resolution and color, which is a challenge for CNNs. CNN models are superior to machine
learning algorithms by having dozens of convolutional layers for feature extraction with
high accuracy, pooling layers to reduce high dimensionality, and some auxiliary layers to
do a specific task. This study fed the improved images to GoogLeNet and VGG-19 models.
The two models analyze the image data of the LC25000 dataset with great accuracy and
distinguish each of the five classes with unique features [29]. Each layer in the model has a
task assigned to it to extract features. Each layer has millions of neurons interconnected
with specific parameters.

Pooling layers reduce the high dimensions produced by convolutional layers through
two methods: max-pooling and average pooling. The max-pooling layers reduce the high
dimensions by representing a group of pixels by their max value, as in Equation (2). In
contrast, the average pooling layers reduce the high dimensions by representing a group of
pixels with their average, as in Equation (3) [30].

z(i; j) = maxm,n=1....k f [(i − 1)p + m; ( j − 1)p + n] (2)

z(i; j) =
1
k2 ∑

m,n=1....k
f [(i − 1)p + m; ( j − 1)p + n] (3)

where m, n refer to the placement in the matrix, p refers to the step of filter, f refers to the
size of the filter, and k refers to the features vectors.

Auxiliary layers, such as ReLU layers, follow convolutional layers for further improve-
ment. The layers suppress negative values, convert them to zero, and pass positive values.

CNN layers produce millions of parameters and connections, causing overfitting;
however, this challenge is addressed by a dropout layer that passes 50% of the neurons at a
time. On the other hand, this layer increases the training rate to double.

3.3.2. The ANN Network

The high-dimensional features were extracted from the GoogLeNet and VGG-19
models and fed to PCA to select the essential features, delete the redundant and non-
significant features, and save them in vectors of size 25,000 × 455 for the GoogLeNet and
25,000 × 455 for the VGG-19. These vectors are sent to the ANN. The ANN receives the
GoogLeNet and VGG-19 features separately and performs a classification task to classify the
input features into five classes. The ANN input layer consists of 455 input units based on
the number of features. ANN contains 20 hidden layers connected to parameters (weights)
at the layer level and other layers in which the required tasks are solved. The process is
repeated from the first hidden layer to the last; the weights are adjusted, and the minimum
square error (MSE) is calculated based on the difference between the actual xi and expected
yi values, as in Equation (4) [31]. The output layer sorts the features of each image with its
appropriate class, producing five neurons, each representing a class of dataset.
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MSE =
1
m

m

∑
i=1

( xi − yi)
2 (4)

where m refers to the number of features, xi refers to the actual value, and yi refers to the
expected value.

Figure 3 shows the basic structure of the histological diagnostic methodology for
the LC25000 dataset and the discrimination of early-stage tumor types by ANN with the
features of the GoogLeNet and VGG-19 models.
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3.4. ANN with Fusion Features of CNN

This section develops a hybrid technique for early diagnosis of histological images of
the LC25000 dataset and early discrimination of its types. Since deep learning models are
slow to train datasets on expensive computers, this technique solves this challenge. This
technique has two systems; the main idea of the first system is to extract the features from
the CNN models (GoogLeNet and VGG-19) and send them to PCA separately to select the
important features, remove the non-significant and redundant features and then merge the
features of the GoogLeNet and VGG-19; this is called feature merge after PCA [32]. The
main idea of the second system is to extract the features from the CNN models (GoogLeNet
and VGG-19) and then combine them and send them to PCA to determine the essential
features and remove the unimportant and redundant features; this is called feature merge
before PCA [33]. The basic features are fed to the ANN to split into training and validation
samples and test their performance on the test dataset.

Figure 4 illustrates the two approaches for diagnosing lung and colon cancer histologi-
cal images and early discrimination among their types.
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The last layers of GoogLeNet and VGG-19 produce high-level features for two models:
(7, 7, 512) and (7, 7, 512). The Global Average Pooling layer converts an image from
high-level features into a distinctive feature of 4096 features of both models.

The steps of implementing the first approach: First, increasing the contrast of the
affected histological image areas and eliminating noise using enhancement filters. Second,
the improved images are passed to GoogLeNet and VGG-19 models to analyze images
by convolutional layers and pooling for spatial feature extraction and saving in a size of
25,000 × 4096 for the GoogLeNet and 25,000 × 4069 for the VGG-19. Third, applying PCA
for selecting critical features, removing non-important and duplicate features of GoogLeNet
and saving them in vectors of size 25,000 × 455. Fourth, applying PCA for selecting critical
features, removing non-important and duplicate features of VGG-19, and saving them
in vectors of size 25,000 × 455. Fifth, integrating critical features of low dimensions for
GoogLeNet and VGG-19 and saving them in vectors of size 25,000 × 910. Sixth, the ANN
receives feature vectors of 25,000 × 910 and divides them into training, validation, and
performance testing samples.

The steps for implementing the second approach are as follows: The first and second
steps are as in the first approach. Third, combining the high-dimensional features of
GoogLeNet and VGG-19 models and saving them in vectors of size 25,000 × 4096. Fourth,
applying PCA to select critical features, remove non-important and redundant features, and
then saving them in vectors of size 25,000 × 740. Fifth, the ANN receives feature vectors
of size 25,000 × 740 and then divides them into training, validation, and performance
testing samples.
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3.5. ANN with Fusion Features of CNN and Handcrafted

In this section, a hybrid technique is developed for the early diagnosis of histological
images of the LC25000 dataset and early discrimination of its types. This technique has two
systems; the main idea is fusion feature extraction and classification by ANN [34]. Fusion
features are fusion features of CNN models with handcrafted features. The handcrafted
features are fusion features extracted from the DWT, LBP, FCH and GLCM methods.
The technology consists of two systems, as shown in Figure 5: the first system extracts
features from CNN models (GoogLeNet and VGG-19) and sends them to PCA separately to
select essential features and remove non-important and redundant features, then combines
GoogLeNet features with handcrafted features and combines the features of the VGG-19
with the handcrafted features. The fusion features are fed to the ANN for splitting into
training and validation samples and testing their performance on the test dataset.
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Figure 5. Methodology for histological image diagnostics of the LC25000 dataset by ANN with fusion
features.

The steps of achievement of the approaches: First, increasing the contrast of the
affected histological image region and removing noise using improvement filters. Second,
sending the improved images to GoogLeNet and VGG-19 for analysis by convolutional
layers for spatial feature extraction and saving in the size of 25,000 × 4096 for both the
GoogLeNet and VGG-19 separately. Third, using the PCA method for selecting essential
features, removing non-important and repeated features from GoogLeNet and VGG-19
separately and then saving them in vectors with sizes of 25,000 × 455 for GoogLeNet and
25,000 × 455 for VGG-19.

Fourth, extracting color, texture, and geometric features by DWT, LBP, FCH, and
GLCM methods is as follows.
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The DWT method receives ROI images of the LC25000 dataset for analysis and extrac-
tion of the most important geometric features. The mechanism of the method works with
four filters; each filter works to analyze a specific part of the image. Thus, the image is
divided into four parts, and a specific filter is passed to each part. The low filter analyzes
the components of the first part of the image and extracts approximate parameters through
three measures of variance, mean, and standard deviation. Low-High and High-Low filters
analyze the second and third components of the image and extract detailed parameters
through three measures of variance, mean, and standard deviation for each part of the
image. The high filter analyzes the components of the fourth part of the image and extracts
detailed parameters through three measures of variance, mean, and standard deviation.
Thus, the total feature output of method is 12 features, saved in vectors of size 25,000 × 12.

The LBP method receives the ROI of the LC25000 dataset images to convert them to
grayscale images, analyze them, and extract the most critical features of the binary surface
texture. The algorithm extracts spatial information of histological images of lung and breast
cancer. In this work, the algorithm is set to 4 × 4, which means that in each iteration, a
central pixel gc is replaced by 15 adjacent pixels gp according to Equation (5) [34]. The
algorithm continues until each pixel in the image is replaced. Thus, the total feature output
of the method is 203 features saved in vectors of size 25,000 × 203.

LBPR,P =
P−1

∑
p=0

s
(

gp − gc
)
2p (5)

where gc refers to the aim pixel, R to the closest radius, gp to the closest pixels and P to the
number of adjoining pixels.

The FCH method receives ROI images of the LC25000 dataset to analyze and extract
the essential color features. The algorithm operates by the fuzzy logic method. The
characteristics of the color are essential to distinguish each type of tumor [35]. The method
creates many histogram bins and assigns each bin histogram to a specific color. The colors of
each image are represented in the bins histogram; any two colors in the same bin histogram
are the same. Thus, the total output of method 16 is distinct and is saved in vectors of size
25,000 × 16.

The GLCM method receives the ROI of the LC25000 dataset images to convert them to
grayscale images, analyze them, and extract the most critical rough and smooth texture fea-
tures. The algorithm extracts spatial information by comparing the pixel and its neighbors.
The central pixel and its neighbors are analyzed based on distance d and angle 0◦, 45◦, 90◦,
135◦ [36]. The coarse region has different pixel values, while the smooth regions have equal
pixel values. Thus, the total feature product of the method is 13 features, which are saved
in vectors of size 25,000 × 13.

Fifth, the features of all the DWT, LBP, FCH, and GLCM methods are combined to
produce the handcrafted features and stored on 25,000 × 244 vectors.

Sixth, the essential features of the GoogLeNet are combined with the handcrafted
features to produce the fusion features and save them in vectors of size 25,000 × 699.

Seventh, the essential features of the VGG-19 are combined with the handcrafted
features to produce the fusion features and preserve them in vectors of size 25,000 × 699.

Eighth, the ANN receives fusion feature vectors of 25,000 × 699 for both systems and
divides them into training, validation, and performance testing samples.

4. The Results of the System Execution
4.1. Split of LC25000 Dataset

This study applied the systems to histological images of the LC25000 dataset for di-
agnosing lung and colon cancer and their discrimination in its early stages. The LC25000
dataset contains 25,000 histological images taken from the patient’s affected tissue by biopsy.
The dataset is divided into five types of malignant and benign tumors of lung and colon
cancer, distributed as follows: 5000 histological images of Colon Adenocarcinoma, 5000
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histological images of Colon Benign Tissue, 5000 histological images of Lung Adenocar-
cinoma, 5000 histological images of Lung Benign Tissue and 5000 histological images of
Lung Squamous Cell Carcinoma. Thus, it is noted that the dataset contains three types of
malignant tumors and two types of benign tumors. All dataset classes are balanced and
have the same number of histological images. The dataset was divided into 80% during
systems training and validation (80:20), and 20% of the dataset was kept as a test dataset to
evaluate the performance of the systems, as shown in Table 1.

Table 1. Splitting the LC25000 dataset through all phases.

Phase (80:20) Training and Validation
Testing 20%

Classes Training (80%) Validation (20%)

colon_aca 3800 800 1000
colon_bnt 3800 800 1000
lung_aca 3800 800 1000
lung_bnt 3800 800 1000
lung_scc 3800 800 1000

4.2. Evaluation Metrics

All systems for histological diagnosis of lung and colon cancer were evaluated with
the same measures of sensitivity, precision, accuracy, specificity, and AUC indicated by
Equations (6)–(10). It is noted that the equations contain variables such as TP and TN, which
mean the number of samples classified correctly, and FP and FN, which mean the number
of samples classified incorrectly [37]. All of these variables are obtained from the confusion
matrix, which is produced as an output to evaluate the performance of each system.

Sensitivity =
TP

TP + FN
× 100% (6)

Precision =
TP

TP + FP
× 100% (7)

Accuracy =
TN + TP

TN + TP + FN + FP
× 100% (8)

Specificity =
TN

TN + FP
× 100 (9)

AUC =
TP Rate
FP Rate

(10)

4.3. Results of ANN with CNN Features

The section discusses the summary of results achieved by ANN when fed with
GoogLeNet and VGG-19 features after removing non-significant and redundant features
to reduce the high-dimensionality of histological images of the lung and colon cancer
dataset. ANN receives critical features, trains them, adjusts weights during validation, and
evaluates their performance on test datasets to achieve promising results for early lung and
colon cancer detection and discrimination.

Table 2 and Figure 6 summarize the performance of ANN execution when fed with sig-
nificant low-dimensionality features of GoogLeNet and VGG-19 with a size of 25,000 × 455
separately for each model. When classifying the important low-dimensional features of
the GoogLeNet model by ANN, it achieved a sensitivity of 96.49%, a precision of 96.19%,
an accuracy of 95.50%, a specificity of 99.12%, and an AUC of 97.67%. The ANN network,
when classifying the important low-dimensional features of the VGG-19 model, achieved a
sensitivity of 95.88%, a precision of 96.18%, an accuracy of 95.92%, a specificity of 98.48%,
and an AUC of 98.02%.
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Table 2. Results of ANN implementation with low-dimensional features of GoogLeNet and VGG-19.

Techniques Type of Class Sensitivity % Precision % Accuracy % Specificity % AUC %

A
N

N
w

it
h

fe
at

ur
es

of
G

oo
gL

eN
et

colon_aca 97.2 95.35 95.1 99.41 98.74

colon_bnt 95.84 96.89 94.2 98.98 97.82

lung_aca 96.19 95.36 97.3 98.52 98.1

lung_bnt 95.77 97.15 94.8 99.29 96.15

lung_scc 97.43 96.22 96.1 99.38 97.56

average ratio 96.49 96.19 95.50 99.12 97.67

A
N

N
w

it
h

fe
at

ur
es

of
V

G
G

-1
9

colon_aca 96.54 92.25 97.1 98.15 97.4

colon_bnt 91.33 96.95 90.8 98.64 98.23

lung_aca 97.82 97.17 97.9 98.53 97.88

lung_bnt 95.79 98.36 96.2 99.1 98.9

lung_scc 97.94 96.19 97.6 97.98 97.67

average ratio 95.88 96.18 95.92 98.48 98.02
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Figure 6. Display performance of ANN implementation with low-dimensional features of GoogLeNet
and VGG-19 for histological image diagnosis of the LC25000 dataset.

Figure 7 summarizes the confusion matrix resulting from the implementation of the
ANN when classifying the significant low-dimensional features of GoogLeNet and VGG-19 at
a size of 25,000 × 455 separately for each model. When classifying important low-dimensional
features of the GoogLeNet model by ANN, it reached an accuracy for each type of tumor as
follows: colon_aca class of 95.1%, colon_bnt class of 94.2%, lung_aca class of 97.3%, lung_bnt
class of 94.8%, and lung_scc class of 96.1%. In contrast, when ANN classified the significant
low-dimensional features of the VGG-19 model, the accuracy for each tumor type was achieved
as follows: colon_aca class accuracy of 97.1%, colon_bnt class of 90.8%, lung_aca class of
97.9%, and lung_bnt class of 96.2% the lung_scc class of 97.6%.
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Figure 7. Confusion matrix for classifying histological images of the LC25000 dataset by ANN with
important features of models (a) GoogLeNet and (b) VGG-19.

4.4. Results of ANN with Fusion Features of CNN

The section discusses a summary of the results achieved by ANN when fed with
combined features from the GoogLeNet and VGG-19 models. Two systems were imple-
mented based on feature merging. The first system was based on extracting the features
of two models and reducing their dimensions separately by PCA, then merging the low-
dimensional features. The second system was based on extracting features from the two
models, combining high-dimensional features, and removing unimportant and redundant
features to reduce high-dimensionality by PCA. The ANN receives merged important
features, trains them, adjusts weights during validation, and evaluates its performance on
test datasets to achieve promising results for early detection and discrimination of lung
and colon cancer.

Table 3 and Figure 8 summarize ANN execution performance when fed with mixed
features after PCA for GoogLeNet and VGG-19 with a size of 25,000 × 740 and mixed
features before PCA for GoogLeNet and VGG-19 with a size of 25,000 × 740. When
classifying mixed features after PCA of GoogLeNet and VGG-19 by ANN, it achieved a
sensitivity of 98.75%, a precision of 98.76%, an accuracy of 98.66%, a specificity of 99.60%,
and an AUC of 99.58%. In contrast, when classifying mixed features before PCA of
GoogLeNet and VGG -19, ANN achieved a sensitivity of 98.41%, a precision of 98.81%, an
accuracy of 98.54%, a specificity of 99.64%, and an AUC of 99.45%.

Figure 9 summarizes the confusion matrix generated by the implementation of the
ANN when classifying the low-dimensional mixture features of GoogLeNet and VGG-19.
When classifying the mixed features after PCA of GoogLeNet and VGG-19 by ANN, an
accuracy was reached for each tumor type as follows: Colon_aca class of 100%, colon_bent
class of 99.5%, Lung_aca class of 96.8%, Lung_bnt class of 100%, and Lung_scc class of 97%.
In contrast, when classifying the mixed features before PCA of GoogLeNet and VGG-19
by ANN, an accuracy for each tumor type was reached as follows: colon class of 99.1%,
colon_bent class of 98.9%, Lung_aca class of 98.3%, Lung_bnt class of 98.3%, and Lung_scc
class of 98.1%.
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Table 3. Results of implementing ANN with mixed features after and before applying PCA.

Techniques Type of Class Sensitivity % Precision % Accuracy % Specificity % AUC %

A
N

N
w

it
h

m
ix

ed
fe

at
ur

es
af

te
r

PC
A colon_aca 100 100 100 100 100

colon_bnt 99.1 100 99.5 100 100

lung_aca 97.23 96.87 96.8 98.79 98.17

lung_bnt 100 100 100 100 100

lung_scc 97.41 96.95 97 99.2 99.74

average ratio 98.75 98.76 98.66 99.60 99.58

A
N

N
w

it
h

m
ix

ed
fe

at
ur

es
be

fo
re

PC
A colon_aca 98.54 99.3 99.1 100 100

colon_bnt 99.32 98.74 98.9 98.81 99.76

lung_aca 98.2 98.65 98.3 100 97.88

lung_bnt 98.18 98.12 98.3 99.42 99.62

lung_scc 97.82 99.22 98.1 100 100

average ratio 98.41 98.81 98.54 99.65 99.45
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Figure 8. Display performance of ANN implementation with mixed features after and before applying
PCA for histological image diagnosis of the LC25000 dataset.

4.5. Results of ANN with Fusion Features of CNN and Handcrafted

The section discusses a summary of results achieved by ANN when fed with fusion
features combined from GoogLeNet and handcrafted features, fusion features combined
from VGG-19 and handcrafted features. Two systems were implemented based on feature
merging. The first system was based on extracting GoogLeNet features, reducing their
dimensions and combining them with handcrafted features. The second system was
based on extracting VGG-19 features, reducing their dimensions and combining them with
handcrafted features. The ANN receives fusion task features, trains them, adjusts weights
during validation, and evaluates its performance on test datasets to achieve promising
results for early detection and discrimination of lung and colon cancer.
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Figure 9. Confusion matrix for classifying histological images of the LC25000 dataset by ANN with
mixed features of GoogLeNet and VGG-19 models. (a) Combined features after PCA. (b) Combined
features before PCA.

Table 4 and Figure 10 summarize the performance of the ANN implementation when
fed with fusion features created from features of GoogLeNet and handcrafted features
with a size of 25,000 × 699, and fusion features created from features of VGG-19 and
handcrafted features with a size of 25,000 × 699. When categorizing the fusion features
of GoogLeNet and handcrafted features by ANN, they reached a sensitivity of 99.42%, a
precision of 99.54%, an accuracy of 99.22%, a specificity of 99.85%, and an AUC of 99.74%.
In contrast, when classifying the fusion features of VGG-19 and handcrafted features,
the ANN achieved a sensitivity of 99.85%, a precision of 100%, an accuracy of 99.64%, a
specificity of 100%, and an AUC of 99.86%.

Table 4. Results of ANN implementation of fusion features for histological image diagnosis for the
LC25000 dataset.

Techniques Type of Class Sensitivity % Precision % Accuracy % Specificity % AUC %

A
N

N
w

it
h

fu
si

on
fe

at
ur

es
of

G
oo

gL
eN

et
an

d
ha

nd
cr

af
te

d

colon_aca 98.88 100 99 100 100

colon_bnt 99.11 98.35 98.9 99.27 99.72

lung_aca 100 100 99.6 100 100

lung_bnt 99.1 99.36 99 100 98.97

lung_scc 100 100 99.6 100 100

average ratio 99.42 99.54 99.22 99.85 99.74

A
N

N
w

it
h

fu
si

on
fe

at
ur

es
of

V
G

G
-1

9
an

d
ha

nd
cr

af
te

d

colon_aca 100 100 99.7 100 100

colon_bnt 99.25 100 99.4 100 100

lung_aca 99.7 100 99.6 99.6 99.54

lung_bnt 99.6 100 99.7 99.9 100

lung_scc 99.6 100 99.8 100 99.78

average ratio 99.85 100.00 99.64 100.00 99.86
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Figure 10. Display performance of ANN implementation with fusion features for histological image
diagnosis of the LC25000 dataset.

Figure 11 summarizes the confusion matrix generated by implementing the ANN
when classifying low-dimensional fusion features. When classifying the fusion features of
GoogLeNet and handcrafted features using ANN, an accuracy was reached for each tumor
type: Colon_aca class of 99%, colon_bent class of 98.9%, Lung_aca class of 99.6%, Lung_bnt
class of 99%, and Lung_scc class of 99.6%. In contrast, when classifying the fusion features
of VGG-19 and handcrafted features using ANN, an accuracy was reached for each tumor
type as follows: Colon_aca class of 99.7%, colon_bent class of 99.4%, Lung_aca class of
99.6%, Lung_bnt class of 99.7%, and Lung_scc class of 99.8%.
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There are some standard tools for evaluating an ANN as follows:

4.5.1. Receiver Operating Characteristic (ROC)

The ROC or AUC is one of the standard tools of the ANN to evaluate its performance
on the LC25000 dataset for early diagnosis of lung and colon cancer. This tool assesses the
ANN by analyzing the LC25000 dataset and calculating both TP and FN rates. Figure 12
shows the performance of the ANN in analyzing the LC25000 dataset by dividing the y-axis
TP rates by the x-axis FP rates. The grid performs best when the AUC approaches one
or approaches a left angle aligned with the y-axis. When classifying the fusion features
of GoogLeNet and handcrafted features using ANN, it achieved an AUC of 99.74%. In
contrast, when classifying the fusion features of VGG-19 and handcrafted features using
ANN, it achieved an AUC of 99.86%.

4.5.2. Cross-Entropy

Cross-entropy is one of the standard tools of ANN to evaluate its performance on
the LC25000 dataset for early diagnosis of lung and colon cancer. This tool evaluates the
network through the dataset’s images by calculating the least error between the expected
and actual values. The lowest error is recorded in each epoch, and the network continues
until all epochs are completed. Then the lowest error obtained by the network during
any epoch is sorted, and the best performance achieved during the epoch is recorded [38].
Figure 13 shows the performance of the ANN in analyzing the LC25000 dataset by cross-
entropy. The figure shows different colors, each representing the implementation of the
ANN for a particular stage of the LC25000 dataset. The training dataset is in blue, and
the validation dataset is in green. The test dataset was reserved to evaluate the network
performance and is represented by the red color. When classifying the fusion features
of GoogLeNet and handcrafted features using ANN, the best validation at 0.012885 was
reached at epoch 29. In contrast, when classifying the fusion features of VGG-19 and
handcrafted features using ANN, a validation best at 0.013046 was reached at epoch era 32.
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4.5.3. Error Histogram

The error histogram is one of the standard tools of the ANN to evaluate its performance
on the LC25000 dataset for early diagnosis of lung and colon cancer. This tool evaluates
the ANN by analyzing the LC25000 dataset and calculating the target and output values
error. In each iteration, the error is computed according to the instances of the dataset [39].
Figure 14 shows the performance of the ANN for analyzing the LC25000 dataset by error
histogram. The figure shows different colors, each representing the implementation of the
ANN for a particular stage of the LC25000 dataset. The training dataset is in blue, and
the validation dataset is in green. The test dataset was reserved to evaluate the network
performance and is represented in red. When classifying the fusion features of GoogLeNet
and handcrafted features using ANN, the best performance is obtained between the values
0.9325 and −0.9321 among 20 bins. In contrast, when classifying the fusion features of
VGG-19 and handcrafted features using ANN, the best performance was obtained between
values of 0.9456 and −0.9447 among 20 bins.
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4.5.4. Validation Checks and Gradient

Validation and gradient are the standard tools of ANN to evaluate its performance
on the LC25000 dataset for early diagnosis of lung and colon cancer. This tool assesses
the ANN by analyzing the LC25000 dataset by calculating the gradient and values that
fail through each epoch to see the best check during any epoch [40]. Figure 15 shows
the performance of the ANN for analyzing the LC25000 dataset through validation and
gradient. When classifying the fusion features of GoogLeNet and handcrafted features
using ANN, the best performance was obtained in a gradient of 0.0030438 at epoch 35;
the best validation is 6. In contrast, when classifying the fusion features of VGG-19 and
handcrafted features using ANN, the best performance was obtained in a gradient of
0.0015367 at epoch 38; the best validation is 6.
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4.5.5. Regression

Regression is one of the standard tools of ANN to evaluate its performance on the
LC25000 dataset for early diagnosis of lung and colon cancer. This tool assesses the
ANN by analyzing the LC25000 dataset by calculating continuous variables according
to other variables [41]. Figure 14 shows the performance of the ANN for analyzing the
LC25000 dataset by predicting the x-axis-represented target values according to the y-axis-
represented output values. The network performs best when the gradient is close to 1.
When classifying the fusion features of GoogLeNet and handcrafted features using ANN,
they reach a regression rate of 97.97% during the training of the dataset, 97.38% during its
validation, and 97.51% during its performance testing [42]. In contrast, when classifying
the fusion features of VGG-19 and handcrafted features using ANN, it reaches a regression
rate of 96.90% during the training of the dataset, 96.95% during its validation, and 96.75%
during its performance testing as shown in Figure 16.
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5. Discussion of the Performance of the Systems

Lung and colon tumors are among the most common types that must be detected early.
This study discussed many effective systems that can detect lung and colon tumors early
and distinguish between them. Tumors are similar in their early stages, which is an obstacle
for doctors to distinguish the type of tumor, and therefore artificial intelligence techniques
came to solve this challenge. Because of the similarity of early-stage tumors, this study
focuses on extracting features in several ways and integrating them. Three strategies have
been developed, each with two systems, with different methods and algorithms, aiming
to achieve superior accuracy for early diagnosis and discrimination of tumor types in the
LC25000 dataset.

Histological images of the LC25000 dataset were improved using an averaging filter
and the CLAHE method. The first strategy has two systems for diagnosing lung and colon
cancer and early discrimination between the types of tumor. The improved images of
GoogLeNet and VGG-19 were fed for analysis by several convolutional layers and saved
in vectors. Vectors contain redundant and unimportant features, so PCA was applied to
reduce high dimensions by eliminating them and saving them in vectors with a size of
25,000 × 455 for each model. These vectors were submitted to the ANN Network to classify
them into five classes. With the selected features of GoogLeNet, ANN achieved 95.5%
accuracy. In contrast, ANN achieved 95.92% accuracy with the selected features of VGG-19.

The second strategy has two systems for diagnosing lung and colon cancer and early
discrimination between the types of tumors. The optimized images of GoogLeNet and
VGG-19 were fed for analysis by several convolutional layers and saved in vectors. After
extracting the high-dimensional features of the two models, there are two ways to combine
the features of the two models. The first method is to reduce high dimensionality by
eliminating unimportant and redundant features by PCA for each model separately. Then
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the selected and important features of the two models are combined and saved in vectors
of size 25,000 × 910. The second method combines the high-dimensional features of
GoogLeNet and VGG-19 models in vectors of size 25,000 × 4096. Then the redundant
and unimportant features are eliminated using PCA and saved in vectors of a size of
25,000 × 740. When feeding the ANN with feature vectors with a size of 25,000 × 910, it
achieved an accuracy of 98.7%. When feeding the ANN with feature vectors with a size of
25,000 × 740, it achieved an accuracy of 98.5%.

The third strategy has two systems for diagnosing lung and colon cancer and early
discrimination of tumor types. Images optimized for GoogLeNet and VGG-19 were fed
for analysis by several convolutional layers and saved in vectors. Vectors have redundant
and non-significant features, so PCA was implemented to reduce high dimensionality
by eliminating them and saving them to a vectors of a size of 25,000 × 455 for each
model. The features of the DWT, LBP, FCH and GLCM methods are combined into vectors
of 25,000 × 244, called handcrafted features. The selected and essential features of the
model (GoogLeNet and VGG-19) were combined with the handmade features called fusion
features. With the fusion features of the GoogLeNet and handcrafted features, the ANN
achieved an accuracy of 99.22%. In contrast, with the fusion features of the VGG-19 and the
handcrafted features, the ANN achieved an accuracy of 99.64%.

Table 5 and Figure 17 summarize the performance of ANN implementation with
combined features from CNN and traditional methods for classifying histological images
for the LC25000 dataset. The table contains the accuracy of each system and the accuracy
achieved by each system for diagnosing each class. All systems produced promising
results, where ANN with fusion features of the GoogLeNet model and handcrafted features
attained an accuracy of 99.64%. The best accuracy for each type (class) for the LC25000
dataset is as follows: for classes colon_aca, colon_bnt, lung_aca, and lung_scc, f 99.7%,
99.4%, 99.6% and 99.8%, respectively, by ANN with fusion features of GoogLeNet and
handcrafted features. The best accuracy for the lung_bnt class is 100% by ANN with the
combination of GoogLeNet and VGG-19 features.

Table 5. Results of ANN implementation of all systems in this study to diagnose histological images
of the RC25000 dataset.

Techniques Features Colon_aca Colon_bnt Lung_aca Lung_bnt Lung_scc Accuracy %

A
N

N GoogLeNet 95.1 94.2 97.3 94.8 96.1 95.5
VGG-19 97.1 90.8 97.9 96.2 97.6 95.9

A
N

N

Mixed
features after

PCA

GoogLeNet +
VGG-19 100 99.5 96.8 100 97 98.7

Mixed
features

before PCA

GoogLeNet +
VGG-19 99.1 98.9 98.3 98.3 98.1 98.5

Fu
si

on
fe

at
ur

es GoogLeNet
and

handcrafted
99 98.9 99.6 99 99.6 99.2

VGG-19 and
handcrafted 99.7 99.4 99.6 99.7 99.8 99.6

Table 6 shows the performance results of the current systems related to the classi-
fication of the LC25000 dataset and compares it with the performance of the proposed
system. It is noted that the performance of the proposed system is superior to all systems
of previous studies.
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Figure 17. Display of the performance of the systems implemented in this work for histopathological
images diagnosis of the LC25000 dataset.

Table 6. Comparison of the performance of the proposed system with the relevant existing systems.

Previous Studies Accuracy % Sensitivity % Specificity % AUC % Precision %

Dabass, M. et al. [43] 97.4 97.2 97.1 - 97.21
Dabass, M. et al. [44] 95.85 - - -
Bukhari, S. et al. [45] 93.04 94.79 84.21 - 96.81

Masud et al. [15] 96.33 96.37 - - 96.39
Liu, Y. et al. [46] 97.01 97.04 - - 97.07

Attallah, O. et al. [47] 99.3 98.9 99.7 - 99
El-Ghany, S. et al. [48] 98.97 97.82 99.35 - 98.04

Proposed model 99.64 99.85 100 99.86 100

6. Conclusions

Lung and colon cancer are the most common types and lead to death. There is a chance
of survival if it is caught early. This study aims to detect lung and colon cancer early by
developing three strategies, each of which has two systems. The first strategy is to diagnose
the LC25000 dataset by ANN with the features of the GoogLeNet and VGG-19 models
after deleting the repetitive and non-significant features of dimensionality reduction by
PCA. The second strategy is LC25000 dataset diagnosis by ANN with mixed features of
GoogLeNet and VGG-19. The third strategy is to diagnose the LC25000 dataset by ANN
with fusion features of CNN models and handcrafted features. The proposed systems
achieved superior performance for early diagnosis of LC25000 dataset images. With the
fusion features of the VGG-19 and handcrafted features, the ANN attained a sensitivity
of 99.85%, a precision of 100%, an accuracy of 99.64%, a specificity of 100%, and an AUC
of 99.86%.
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Abbreviation
The table below shows the abbreviations used in the manuscript.

Abbreviation Full Form
LC25000 Lung-Colon-25000
ANN Artificial Neural Networks
CNN Convolutional Neural Network
CLAHE Contrast limited adaptive histogram equalization
GLCM Gray Level Co-occurrence Matrix
FCH Fuzzy Color Histogram
LBP Local Binary Pattern
DWT Discrete Wavelet Transform
PCA Principal Component Analysis
colon_aca Colon Adenocarcinoma
colon_bnt Colon Benign Tissue
lung_aca Lung Adenocarcinoma
lung_bnt Lung Benign Tissue
lung_scc Lung Squamous Cell Carcinoma
MSE Minimum Square Error
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14. Toğaçar, M. Disease type detection in lung and colon cancer images using the complement approach of inefficient sets. Comput.
Biol. Med. 2021, 137, 104827. Available online: https://www.sciencedirect.com/science/article/pii/S0010482521006211 (accessed
on 15 October 2022). [CrossRef]

15. Masud, M.; Sikder, N.; Nahid, A.-A.; Bairagi, A.K.; AlZain, M.A. A Machine Learning Approach to Diagnosing Lung and Colon
Cancer Using a Deep Learning-Based Classification Framework. Sensors 2021, 21, 748. [CrossRef]

16. Hamida, A.B.; Devanne, M.; Weber, J.; Truntzer, C.; Derangère, V.; Ghiringhelli, F.; Wemmert, C. Deep learning for colon cancer
histopathological images analysis. Comput. Biol. Med. 2021, 136, 104730. [CrossRef] [PubMed]

17. Sarker, M.M.K.; Makhlouf, Y.; Craig, S.G.; Humphries, M.P.; Loughrey, M.; James, J.A.; Salto-Tellez, M.; O’Reilly, P.; Maxwell,
P. A Means of Assessing Deep Learning-Based Detection of ICOS Protein Expression in Colon Cancer. Cancers 2021, 13, 3825.
[CrossRef] [PubMed]

18. Sarwinda, D.; Paradisa, R.H.; Bustamam, A.; Anggia, P. Deep learning in image classification using residual network (ResNet)
variants for detection of colorectal cancer. Procedia Comput. Sci. 2021, 179, 423–431. [CrossRef]

19. Zhou, C.; Jin, Y.; Chen, Y.; Huang, S.; Huang, R.; Wang, Y.; Liao, J. Histopathology classification and localization of colorectal
cancer using global labels by weakly supervised deep learning. Comput. Med. Imaging Graph. 2021, 88, 101861. [CrossRef]

20. Xu, L.; Walker, B.; Liang, P.I.; Tong, Y.; Xu, C.; Su, Y.C.; Karsan, A. Colorectal cancer detection based on deep learning. J. Pathol.
Inform. 2020, 11, 28. [CrossRef]

21. Moitra, D.; Mandal, R.K. Classification of non-small cell lung cancer using one-dimensional convolutional neural network.
Expert Syst. Appl. 2020, 159, 113564. Available online: https://www.sciencedirect.com/science/article/pii/S0957417420303882
(accessed on 15 October 2022). [CrossRef]

22. Kumar, V.; Bakariya, B. Classification of malignant lung cancer using deep learning. J. Med. Eng. Technol. 2021, 45, 85–93.
[CrossRef]

23. Shim, W.S.; Yim, K.; Kim, T.-J.; Sung, Y.E.; Lee, G.; Hong, J.H.; Chun, S.H.; Kim, S.; An, H.J.; Na, S.J.; et al. DeepRePath: Identifying
the Prognostic Features of Early-Stage Lung Adenocarcinoma Using Multi-Scale Pathology Images and Deep Convolutional
Neural Networks. Cancers 2021, 13, 3308. [CrossRef]

24. Nishio, M.; Nishio, M.; Jimbo, N.; Nakane, K. Homology-Based Image Processing for Automatic Classification of Histopathological
Images of Lung Tissue. Cancers 2021, 13, 1192. [CrossRef]

25. Borkowski, A.A.; Bui, M.M.; Thomas, L.B.; Wilson, C.P.; DeLand, L.A.; Mastorides, S.M. Lung and colon cancer histopathological
image dataset (lc25000). arXiv 2019, arXiv:1912.12142. Available online: https://www.kaggle.com/datasets/andrewmvd/lung-
and-colon-cancer-histopathological-images (accessed on 15 October 2022).

26. Ahmed, I.A.; Senan, E.M.; Rassem, T.H.; Ali, M.A.H.; Shatnawi, H.S.A.; Alwazer, S.M.; Alshahrani, M. Eye Tracking-Based
Diagnosis and Early Detection of Autism Spectrum Disorder Using Machine Learning and Deep Learning Techniques. Electronics
2022, 11, 530. [CrossRef]

27. Fati, S.M.; Senan, E.M.; ElHakim, N. Deep and Hybrid Learning Technique for Early Detection of Tuberculosis Based on X-ray
Images Using Feature Fusion. Appl. Sci. 2022, 12, 7092. [CrossRef]

28. Al-Mekhlafi, Z.G.; Senan, E.M.; Rassem, T.H.; Mohammed, B.A.; Makbol, N.M.; Alanazi, A.A.; Ghaleb, F.A. Deep Learning and
Machine Learning for Early Detection of Stroke and Haemorrhage. Comput. Mater. Contin. 2021, 72, 775–796. Available online:
http://eprints.bournemouth.ac.uk/36721/ (accessed on 15 October 2022). [CrossRef]

29. Abunadi, I.; Senan, E.M. Deep Learning and Machine Learning Techniques of Diagnosis Dermoscopy Images for Early Detection
of Skin Diseases. Electronics 2021, 10, 3158. [CrossRef]

30. Fati, S.M.; Senan, E.M.; Azar, A.T. Hybrid and Deep Learning Approach for Early Diagnosis of Lower Gastrointestinal Diseases.
Sensors 2022, 22, 4079. [CrossRef]

31. Mohammed, B.A.; Senan, E.M.; Al-Mekhlafi, Z.G.; Rassem, T.H.; Makbol, N.M.; Alanazi, A.A.; Almurayziq, T.S.; Ghaleb, F.A.;
Sallam, A.A. Multi-Method Diagnosis of CT Images for Rapid Detection of Intracranial Hemorrhages Based on Deep and Hybrid
Learning. Electronics 2022, 11, 2460. [CrossRef]

32. Samee, N.A.; Alhussan, A.A.; Ghoneim, V.F.; Atteia, G.; Alkanhel, R.; Al-antari, M.A.; Kadah, Y.M. A Hybrid Deep Transfer
Learning of CNN-Based LR-PCA for Breast Lesion Diagnosis via Medical Breast Mammograms. Sensors 2022, 22, 4938. [CrossRef]
[PubMed]

33. Liu, Y.; Durlofsky, L.J. 3D CNN-PCA: A deep-learning-based parameterization for complex geomodels. Comput. Geosci. 2022, 148,
104676. [CrossRef]

34. Senan, E.M.; Jadhav, M.E.; Rassem, T.H.; Aljaloud, A.S.; Mohammed, B.A.; Al-Mekhlafi, Z.G. Early diagnosis of brain tumour
mri images using hybrid techniques between deep and machine learning. Comput. Math. Methods Med. 2022, 2022, 8330833b.
Available online: https://www.hindawi.com/journals/cmmm/2022/8330833/ (accessed on 15 October 2022). [CrossRef]

35. Mohammed, B.A.; Senan, E.M.; Rassem, T.H.; Makbol, N.M.; Alanazi, A.A.; Al-Mekhlafi, Z.G.; Almurayziq, T.S.; Ghaleb, F.A.
Multi-Method Analysis of Medical Records and MRI Images for Early Diagnosis of Dementia and Alzheimer’s Disease Based on
Deep Learning and Hybrid Methods. Electronics 2021, 10, 2860. [CrossRef]

https://ieeexplore.ieee.org/abstract/document/9709814/
http://doi.org/10.1109/ACCESS.2022.3150924
https://www.sciencedirect.com/science/article/pii/S0010482521006211
http://doi.org/10.1016/j.compbiomed.2021.104827
http://doi.org/10.3390/s21030748
http://doi.org/10.1016/j.compbiomed.2021.104730
http://www.ncbi.nlm.nih.gov/pubmed/34375901
http://doi.org/10.3390/cancers13153825
http://www.ncbi.nlm.nih.gov/pubmed/34359723
http://doi.org/10.1016/j.procs.2021.01.025
http://doi.org/10.1016/j.compmedimag.2021.101861
http://doi.org/10.4103/jpi.jpi_68_19
https://www.sciencedirect.com/science/article/pii/S0957417420303882
http://doi.org/10.1016/j.eswa.2020.113564
http://doi.org/10.1080/03091902.2020.1853837
http://doi.org/10.3390/cancers13133308
http://doi.org/10.3390/cancers13061192
https://www.kaggle.com/datasets/andrewmvd/lung-and-colon-cancer-histopathological-images
https://www.kaggle.com/datasets/andrewmvd/lung-and-colon-cancer-histopathological-images
http://doi.org/10.3390/electronics11040530
http://doi.org/10.3390/app12147092
http://eprints.bournemouth.ac.uk/36721/
http://doi.org/10.32604/cmc.2022.024492
http://doi.org/10.3390/electronics10243158
http://doi.org/10.3390/s22114079
http://doi.org/10.3390/electronics11152460
http://doi.org/10.3390/s22134938
http://www.ncbi.nlm.nih.gov/pubmed/35808433
http://doi.org/10.1016/j.cageo.2020.104676
https://www.hindawi.com/journals/cmmm/2022/8330833/
http://doi.org/10.1155/2022/8330833
http://doi.org/10.3390/electronics10222860


Bioengineering 2023, 10, 383 25 of 25

36. Senan, E.M.; Jadhav, M.E. Techniques for the Detection of Skin Lesions in PH 2 Dermoscopy Images Using Local Binary Pattern
(LBP). In Proceedings of the International Conference on Recent Trends in Image Processing and Pattern Recognition, Aurangabad,
India, 3–4 January 2020; Springer: Singapore, 2020; pp. 14–25. [CrossRef]

37. Senan, E.M.; Jadhav, M.E.; Kadam, A. Classification of PH2 images for early detection of skin diseases. In Proceedings of the 2021
6th International Conference for Convergence in Technology (I2CT), Maharashtra, India, 2–4 April 2021; pp. 1–7. [CrossRef]

38. Senan, E.M.; Jadhav, M.E. Diagnosis of dermoscopy images for the detection of skin lesions using SVM and KNN. In Proceedings
of the Third International Conference on Sustainable Computing; Springer: Singapore, 2022; pp. 125–134. [CrossRef]

39. Senan, E.M.; Abunadi, I.; Jadhav, M.E.; Fati, S.M. Score and Correlation Coefficient-Based Feature Selection for Predicting Heart
Failure Diagnosis by Using Machine Learning Algorithms. Comput. Math. Methods Med. 2021, 2021, 8500314. [CrossRef] [PubMed]

40. Al-Mekhlafi, Z.G.; Senan, E.M.; Mohammed, B.A.; Alazmi, M.; Alayba, A.M.; Alreshidi, A.; Alshahrani, M. Diagnosis of
Histopathological Images to Distinguish Types of Malignant Lymphomas Using Hybrid Techniques Based on Fusion Features.
Electronics 2022, 11, 2865. [CrossRef]

41. Mohammed, B.A.; Senan, E.M.; Al-Mekhlafi, Z.G.; Alazmi, M.; Alayba, A.M.; Alanazi, A.A.; Alreshidi, A.; Alshahrani, M. Hybrid
Techniques for Diagnosis with WSIs for Early Detection of Cervical Cancer Based on Fusion Features. Appl. Sci. 2022, 12, 8836.
[CrossRef]

42. Fati, S.M.; Senan, E.M.; Javed, Y. Early Diagnosis of Oral Squamous Cell Carcinoma Based on Histopathological Images Using
Deep and Hybrid Learning Approaches. Diagnostics 2022, 12, 1899. [CrossRef] [PubMed]

43. Dabass, M.; Dabass, J.; Vashisth, S.; Vig, R. A hybrid U-Net model with attention and advanced convolutional learning modules
for simultaneous gland segmentation and cancer grade prediction in colorectal histopathological images. Intell.-Based Med. 2023,
7, 100094. [CrossRef]

44. Dabass, M.; Dabass, J. An Atrous Convolved Hybrid Seg-Net Model with residual and attention mechanism for gland detection
and segmentation in histopathological images. Comput. Biol. Med. 2023, 155, 106690. [CrossRef]

45. Bukhari, S.U.K.; Syed, A.; Bokhari, S.K.A.; Hussain, S.S.; Armaghan, S.U.; Shah, S.S.H. The histological diagnosis of colonic
adenocarcinoma by applying partial self supervised learning. medRxiv 2020. [CrossRef]

46. Liu, Y.; Wang, H.; Song, K.; Sun, M.; Shao, Y.; Xue, S.; Li, L.; Li, Y.; Cai, H.; Jiao, Y.; et al. CroReLU: Cross-Crossing Space-Based
Visual Activation Function for Lung Cancer Pathology Image Recognition. Cancers 2022, 14, 5181. [CrossRef]

47. Attallah, O.; Aslan, M.F.; Sabanci, K. A Framework for Lung and Colon Cancer Diagnosis via Lightweight Deep Learning Models
and Transformation Methods. Diagnostics 2022, 12, 2926. [CrossRef]

48. El-Ghany, S.A.; Azad, M.; Elmogy, M. Robustness Fine-Tuning Deep Learning Model for Cancers Diagnosis Based on Histopathol-
ogy Image Analysis. Diagnostics 2023, 13, 699. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1007/978-981-16-0493-5_2
http://doi.org/10.1109/I2CT51068.2021.9417893
http://doi.org/10.1007/978-981-16-4538-9_13
http://doi.org/10.1155/2021/8500314
http://www.ncbi.nlm.nih.gov/pubmed/34966445
http://doi.org/10.3390/electronics11182865
http://doi.org/10.3390/app12178836
http://doi.org/10.3390/diagnostics12081899
http://www.ncbi.nlm.nih.gov/pubmed/36010249
http://doi.org/10.1016/j.ibmed.2023.100094
http://doi.org/10.1016/j.compbiomed.2023.106690
http://doi.org/10.1101/2020.08.15.20175760
http://doi.org/10.3390/cancers14215181
http://doi.org/10.3390/diagnostics12122926
http://doi.org/10.3390/diagnostics13040699
http://www.ncbi.nlm.nih.gov/pubmed/36832186

	Introduction 
	Related Work 
	Materials and Methods 
	Description of the LC25000 Dataset 
	Improving Histological Images for the LC25000 Dataset 
	ANN Network with CNN Features 
	CNN Features 
	The ANN Network 

	ANN with Fusion Features of CNN 
	ANN with Fusion Features of CNN and Handcrafted 

	The Results of the System Execution 
	Split of LC25000 Dataset 
	Evaluation Metrics 
	Results of ANN with CNN Features 
	Results of ANN with Fusion Features of CNN 
	Results of ANN with Fusion Features of CNN and Handcrafted 
	Receiver Operating Characteristic (ROC) 
	Cross-Entropy 
	Error Histogram 
	Validation Checks and Gradient 
	Regression 


	Discussion of the Performance of the Systems 
	Conclusions 
	References

