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Colorectal cancer (CRC) is one of the most prevalent malignancies
worldwide, with high mortality and incidence rates. Early detection of the
disease may increase the probability of survival, making it critical to develop
effective procedures for precise treatment. In the past few years, there has
been an increased use of deep learning techniques in image classification
that aid in the detection of various types of cancer. In this study,
convolutional neural network (CNN) models were used to classify colorectal
cancer into benign and malignant. After applying various data preprocessing
techniques to the image dataset, we evaluated our prototypes using three
distinct subsets of testing data, representing 20%, 30%, and 40% of the total
dataset. Additionally, four pre-trained CNN models (ResNet-18, ResNet-50,
GoogLeNet, and MobileNetV2) were trained, and the network architectural
techniques were compared by applying the Adam optimizer. Finally, we
assessed the performance of algorithms in terms of accuracy, sensitivity,
specificity, precision, Fl-score, and area under the receiver operating
characteristic (ROC) curve (AUC). In this research, deep learning
approaches demonstrated high efficacy in accurately diagnosing colorectal
cancer. This indicates that these techniques have an important and
significant value for advancing medical research.
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1. INTRODUCTION

Colorectal cancer (CRC) ranks third among the most frequently diagnosed illnesses in both men and
women [1]. According to projections published by the American Cancer Society, the United States is
expected to witness 46,050 newly diagnosed cases of rectal cancer and 106,970 newly diagnosed cases of
colon cancer in 2023. The incidence rate of colon or rectal cancer has been decreasing in the United States
since the mid-1980s. This decline is believed to be due to increased awareness of the importance of screening
and individual risk factors resulting from lifestyle choices. Between 2011 and 2019, the incidence rates
decreased by approximately 1%, as per the statistics. However, since the mid-1990s, rates for individuals
under the age of 50 have been observed to increase by 1%—2% per year [2].

Once a polyp transitions to cancer, it has the potential to infiltrate the colon or rectum wall, where it
may infect the blood or lymph vessels responsible for removing and transporting waste and fluid from cells.
Cancer cells frequently spread to adjacent lymph nodes, which are bean-shaped structures that play a role in
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fighting infections. These cells can also travel through blood vessels to various other tissues and organs,
including the liver or lungs, or they can be discharged directly into the peritoneum, the membrane that lines
the abdomen [3], [4]. This process of cancer cells spreading to distant areas from the original tumor site is
known as metastasis. Figure 1 illustrates the stages of colorectal cancer development, ranging from stage 0 to
stage I11C, and the spread of cancer to other organs.
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Figure 1. Colorectal cancer growth stages [5]

Colorectal cancer has a high prevalence globally, and early detection and diagnosis of CRC can
significantly improve patients' survival rates. However, traditional CRC scanning and detection methods are
often invasive, exhaustive, time-consuming, and more susceptible to errors. To address these limitations,
researchers are investigating the integration of deep learning (DL), a subset of machine learning (ML), and
artificial intelligence (Al) as a potential solution for developing more reliable diagnostic tools for CRC [6].
Convolutional neural networks (CNNs) have been extensively employed in successful deep learning
applications and specifically utilized in this study, involving models such as ResNet-18, ResNet-50,
GoogLeNet, and MobileNetV2. These CNNs have demonstrated successful applications in various deep-
learning tasks, particularly in predicting and diagnosing colorectal cancer at an early stage. In this study,
these CNN models have shown promising results and outperformed other approaches [7], [8].

The primary aim of this study is to predict and diagnose colorectal cancer at an early stage by
implementing a comprehensive structure that employs CNN, which includes all the critical steps from image
acquisition through disease detection. The proposed structure includes all necessary steps for accurately
classifying and determining the presence of colorectal cancer. The paper presents several important
contributions, including the following:

a. Accurate and effective prediction for colorectal cancer based on CNNs for more accurate colorectal
cancer diagnosis, which can improve outcomes.

b. To preserve the consistency of the images, an image processing technique has been established. Data
preprocessing and data augmentation techniques are also employed to expand and balance the data set.

c. ResNet-18, ResNet-50, GooglLeNet, and MobileNetV2 are four pre-trained CNN models that are applied
for image classification.

d. Additionally, the Adam optimizer was employed to improve efficiency and performance. This
optimization technique led to faster convergence and improved results.

e. The performance is assessed using several evaluation metrics, including accuracy, sensitivity, specificity,
precision, F1-score, and area under the receiver operating characteristic (ROC) curve (AUC). Comparison
and evaluation based on key performance measures are essential for evaluating models.

f. These methods are expected to advance the understanding of models for classification, increase the ability
for the precise and efficient detection and diagnosis of colorectal cancer, and promote further study into
the application of related methods to medical image processing, establishing opportunities for medical
diagnosis and treatment.

A full article usually follows a standard structure: section 2 the dataset as well as the techniques for
classification used in this study are demonstrated, along with the pre-processing methods, data augmentation,
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deep learning algorithms, and the applied optimizer. Additionally, it contains the criteria used to assess the
performance of the model. Section 3 the empirical results of the suggested strategies are introduced, along
with a comparison of the outcomes. Section 4 the conclusion and future work are provided.

Using various approaches and datasets, numerous studies have been conducted concerning the
diagnosis of colorectal disease. The widespread use of computer vision tasks and supervised learning
approaches demonstrates how strongly digital technology is currently employed in classifying medical
images. In this study, Lusted [9] discusses how computers and electronic devices can be used in healthcare
and medicine, as well as how digital technology may be used for the investigation and diagnosis of medical
diseases.

Al-Shawesh and Chen [10] introduced a technique to enhance the accuracy of classification, which
included the use of data sets from the national center for tumor diseases (NCT). To classify the CRC
histopathology images, they employed the ResNet-50 model. The results demonstrate that the ResNet-50
structure, with a validation dataset accuracy of 97.7%, is the best CNN architecture for categorizing CRC.

Yoon et al. [11] employed CNN to propose a technique for classifying tumors from colorectal
histology images. The performance of the model was assessed by implementing two experiments. The second
experiment involved using a modified model, known as visual geometry group-E (VGG-E), derived from the
visual geometry group (VGG), and produced the highest accuracy and specificity (93.48% and 92.76%).

Kather et al. [12] conducted an analysis of a multi-class issue in 5000 histological images involving
tumor epithelium along with simple stroma using various textual descriptors. Four methods were suggested
for classification, including the utilization of the k-nearest neighbor algorithm (k-NN), a support vector
machines (SVM) decision function for classifying all categories, the construction of decision tree models
using the random under-sampling boosting (RUSBoost) method, and training the classifiers with a 10-fold
cross-validation without a specific stratification approach. The study showed that the SVM method achieved
the highest accuracy of 87.4% across eight classes.

Kassani et al. [13] evaluated several deep learning-based models for the automatic segmentation of
tumors in colorectal tissue samples. The suggested method emphasizes the value of implementing transfer
learning and convolutional neural network modules in a segmentation architecture's encoder section for
histopathology image processing. The results show that the accuracy is 87.07%=+1.56.

Wang et al. [14] suggest a novel based on the bilinear convolutional neural network technique
(BCNN) that initially separates the images into hematoxylin and eosin stain components in order to classify
colorectal cancer histopathological images. BCNN has been applied to deconstructed images for combing
and enhancing feature representation efficiency. The proposed BCNN-based algorithm is more accurate than
the conventional CNN, according to experimental findings, which showed an accuracy of 92.6%x+1.2.

Sarwinda et al. [15] conducted a study that employed deep learning techniques with residual
network (ResNet) variants for image classification in the identification of colorectal cancer. The study
employed ResNet-18 and ResNet-50, achieving an accuracy range of 73% to 88%. The findings of this study
demonstrate the efficacy of DL in precisely diagnosing images of CRC.

Du et al. [16] conducted a study where they found that learning the fundamental features of CNNs
outperformed the creation of custom features. This approach also allowed for the automatic differentiation of
the epithelial and stromal parts of the breast. Moreover, using a network architecture layer technique, they
achieved an accuracy of 84% in distinguishing colorectal cancers from malignant tissue. A transfer learning
strategy was also employed with GoogLeNet, which resulted in an accuracy of 90.2%. This suggests that
GoogLeNet can potentially be used to categorize the tumor-stroma ratio (TSR). Additionally, Kather et al. [17]
reached the best accuracy rate of 98.7% by substituting the classification layer with VGG19.

Song et al. [18] developed a diagnostic model for colorectal adenomas with the implementation of
deep CNNSs. The model was constructed using the DeepLab v2 architecture combined with ResNet-34. The
accuracy of the deep learning model was 90.4%, with an area under the curve of 0.92.

Hsu et al. [19] employed CNN to detect and classify colorectal polyps in grayscale, red-green-blue
(RGB), and narrow-band images. Grayscale images estimated the highest accuracy of 95.1%, surpassing
RGB (94.1%) and narrow-band (82.8%) images. These findings suggest that grayscale images have the
potential to achieve even higher accuracy in polyp detection, especially in scenarios where lightweight
processing is preferred.

In this study, lizuka et al. [20] devised a highly efficient system to detect gastric and colonic
epithelial cancer by combining convolutional and recurrent neural networks. The research involved collecting
histological images of colorectal cancer from patients, followed by the extraction of effective features.
These features were then trained using a convolutional network and a recurrent neural network. The
developed network analyzed whole slide images comprehensively and accurately categorized adenoma,
adenocarcinoma, and non-neoplastic tumors. The efficacy of the system was evaluated through experiments,
achieving high predictive accuracy for colon tumors with an area under the curve (AUC) value of 0.97.
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2. METHOD

This study presents a proposed approach that utilizes images of colorectal glands for the purpose of
detecting and diagnosing colorectal cancer. The methodology involves several essential stages, which include
data collection, data preprocessing, feature extraction, classification, and performance evaluation. These
stages are visually represented in Figure 2. In the subsequent sections, a comprehensive discussion of each
step will be conducted.
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Figure 2. Diagram illustrating the proposed method

2.1. Data description

Colorectal gland images were obtained from a dataset provided by Warwick-QU via
www.warwick.ac.uk/fac/sci/dcs/research/tia/glascontest/download. The dataset contains 165 images, 74 of
which indicate benign tumors and 91 of which indicate malignant tumors. The dataset was stained with H&E
and scanned with a Zeiss MIRAX MIDI Scanner at 20x magnification. The image data resolution range of
567x430 pixels to 775x522 pixels, and the image data weight range of 716 kilobytes, 1.187 kilobytes. The
images had an isotropic 0.62 pm pixel resolution. The depicted model in Figure 3 showcases images of colon
glands extracted from a subset of the Warwick-QU dataset. In Figure 3(a), a benign gland is represented,
while Figure 3(b) illustrates a malignant gland.

Figure 3. The Warwick-QU dataset sample (a) benign gland and (b) malignant gland [21]
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2.2. Data preprocessing

Data preprocessing refers to the transformation and preparation of the initial data before its input
into a deep learning model. Normalization, feature scaling, dimensionality reduction, and other preparation
techniques are only a few examples of the preprocessing operations in deep learning. Deep learning models'
effectiveness and precision can be improved with the right preprocessing steps. The objective is to improve
the quality of the data, its relevance, and its suitability for the specified employment. To expedite processing
and ensure that all images would work with trained CNN models, each image was initially downsized to
224x224x3. The application of preprocessing methods to images is indicated in Figure 4. In this Figure,
Figure 4(a) depicts the initial input images, while Figure 4(b) showcases the grayscale versions of these
images. Additionally, Figure 4(c) showcases the outcome after applying contrast-limited adaptive histogram
equalization.

Figure 4. lllustrates the pre-processing steps (a) the input dataset, (b) images in grayscale, and
(c) applying the contrast-limited adaptive histogram equalization

2.2.1. Employ grayscale images

Grayscale images offer a range of advantages, such as decreased memory usage and computational
complexity, making them popular in medical image processing. Grayscale images are widely employed in
digital photography, computer-generated imaging, and colorimetry. Each pixel in a grayscale image is
assigned a value that exclusively represents the amount of light it emits, ranging from black for the weakest
intensity to white for the strongest. These images are monochromatic, composed of various shades of gray.
To generate grayscale images, the light intensity produced by each pixel is measured, utilizing a weighted
combination of frequencies from any part of the electromagnetic spectrum, such as infrared or ultraviolet.
According to the studied characteristics of human vision, a colorimetric grayscale image is defined as having
a specific grayscale color space that correlates the obtained numeric sample values to the achromatic channel
of a standard color space [22].

2.2.2. Contrast-limited adaptive histogram equalization

The contrast-limited adaptive histogram equalization (CLAHE) method, an extension of the
histogram equalization (HE) approach, was initially developed for medical images. It has been successfully
employed to enhance low-contrast images [23], [24]. The CLAHE approach aims to improve the visibility of
curves and edges in various parts of an image [25]. The number of sub-images and the clip limit significantly
influence the outcomes obtained from the CLAHE technique. Three distinct sets of regions, namely the
corner region (CR), the border region (BR), and the inner region (IR), are created by dividing the input image
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into sub-images (tiles) [26]. For each tile, a contrast transform function is generated using the "Clip Limit" as
the contrast factor [27]. The study used the CLAHE enhancement technique with a clip limit of 0.02. By
employing the CLAHE method, solid images can be produced, and the contrast across all areas of the image
can be made consistent. The expression as in (1) for standard CLAHE with uniform distribution:

gz[gmax_gmin]*P(f)+gmin 1)

where g is the calculated pixel value, g,,,,iS maximum pixel value, g, is minimum pixel value. For
exponential distribution to enhance results expressed as shown in (2).

1
9= gmin— () *In[1 = P(N)] @
where P(f) = CPD (cumulative probability distribution), o is the clip parameter.

2.2.3. Data balancing

Dealing with imbalanced training datasets is recognized as a significant challenge within the realm
of machine learning [28]. Both down-sampling and over-sampling are popular methods used to address this
issue. When there is an imbalance in the distribution of images among different classes, over-sampling the
training dataset becomes a technique of major importance. On the other hand, in the down-sampling
approach, the number of images for each specific class is reduced to match the lowest count observed across
all classes. In contrast, over-sampling involves increasing the number of images within each class. The over-
sampling strategy was ultimately chosen for use in this study. The difference between over-sampling and
down-sampling is shown in Figure 5.
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Figure 5. Hlustrates the distinctions between down-sampling and over-sampling [29]

2.2.4. Data augmentation

In the field of deep learning, a variety of techniques referred to as data augmentation are employed
to increase the number of datasets. By expanding the quantity and diversity of the datasets, data augmentation
helps enhance the accuracy and generalization of deep learning models by generating additional samples
through various transformations [30]. In addition, data augmentation aids in the prevention of overfitting
during the training process, enhancing the robustness and stability of the models [31], [32]. When using data
augmentation techniques, new data samples are generated through various transformations. Several
techniques are used to augment the data, including random reflections, shearing, translations, scaling, and
rotating the images by an angle of up to 20 degrees.

2.3. Feature extraction with deep learning

In deep learning, feature extraction involves the automated process of learning and extracting
significant features from raw data using deep neural networks [33]. This procedure is essential for enabling
deep learning models to carry out a variety of tasks, including object recognition, categorizing images, and
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processing natural language. Deep learning models, including CNNs, deep belief networks (DBNs), restricted
Boltzmann networks (RBMs), and recurrent neural networks (RNNs), have been developed to automatically
learn and extract features from input data [34]. These models, with their multiple layers, are designed to
facilitate the extraction of relevant features. Four pre-trained CNN models are used in this study for
extracting features. An overview of the chosen models is presented in the subsequent sections.

2.3.1. Convolutional neural network architecture

CNN, or ConvNet, which is a type of deep neural network, has been effectively utilized in a wide
range of applications. CNNs are primarily designed for processing and analyzing grid-like data, such as
images and videos. Unlike standard neural networks, CNNs employ specialized convolution and pooling
operations to recognize and extract features from the input data. Therefore, they are well-suited for tasks like
image identification and classification. CNNs can also be applied to various artificial intelligence and
computer vision applications. They can automatically learn and recognize patterns within visual data [35].
The CNN architecture is illustrated in Figure 6.

Convolution 1 Pooling

Convolution Pooling Fully

LIS A & Connection
g s < 1|
| p

Image Patch

Figure 6. The structure of CNN [36]

a. The input layer of an artificial neural network is where the initial data is introduced for processing by
subsequent layers of neurons. This initial data comprises features such as images, their sizes, and input
channels. This layer serves as the starting point of the network and aids in extracting significant features
from the raw data, which facilitates processing by subsequent layers.

b. Convolutional layers are utilized for feature extraction from input images, including edges and corners.
These layers perform convolution operations between the image input, an image-sized filter for
convolution of the input data, and scanning the entire image with a fixed pixel stride. The feature map
obtained is then forwarded to additional layers in order to determine additional features of the input
image.

c. In artificial neural networks, the rectified linear unit (ReLU) is the most prevalent activation function. As
shown in (3), the nonlinear function ReL U is displayed. It enables the elimination of negative values from
the CNN architecture.

F(x) = max (0,1) 3)

d. In convolutional neural networks, pooling layers are a type of layer that is frequently used to downsample
feature maps by summing the presence of features in patches of the feature maps. They enhance the
effectiveness of the network by reducing the dimensionality of the data by integrating the outputs of
neuron clusters at the previous layer into one neuron in the subsequent layer. Max, average, and stochastic
pooling are a few of the several types of pooling.

e. Fully connected layers are frequently added at the end of a neural network and are typically employed as
classifiers to determine classification. These layers, which stand for the final output of the network, can
also be layered to enhance efficiency.

2.3.2. Four pre-trained convolutional neural network models

Four deep neural networks built using CNN models are examined in this study. Deep neural
networks have been developed to distinguish different tissue samples by utilizing characteristics identified in
CNN models. An approach for improving the accuracy and efficacy of diagnosing colorectal cancer in
applications employing medical image processing is provided by the proposed methodology. An overview of
the key features of the models employed in this investigation is shown in Table 1.

A deep learning framework for accurate diagnosis of colorectal cancer using... (Maria M. Attia)
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Table 1. Features of the models employed in this study

Network Parameters (Millions)  Layers (Depth)  Total layers Input size
ResNet-18 11.7 18 71 224x224x3
ResNet-50 25.6 50 177 224x224x3

GoogLeNet 7 22 144 224x224x3
MobileNetV2 35 53 154 224x224x3

Residual learning, sometimes referred to as residual networks or ResNets, is a deep learning method
for enhancing neural network performance. ResNet proves to be a highly efficient and successful artificial
neural network architecture that applies the application of residual learning to construct ultra-deep networks.
The "deep residual learning™ neural network architecture was introduced by He et al. [37]. ResNet-18 and
ResNet-50 were implemented in this study. Residual learning operates by including a shortcut connection
that passes through one or more neural network layers. The vanishing gradients issue, which can arise in deep
neural networks, is addressed by the shortcut connection, which enables the model to transport information
without loss from earlier layers to later layers. The architecture for residual learning is illustrated in Figure 7.
The ResNet block function can be represented as shown in (4).

output = F(x) + x 4)

where x represents the input that is being passed through the residual block.

GoogleNet is an Inception-based deep convolutional neural network consisting of 22 layers. The
Inception architecture is designed to incorporate optimal local sparse structure spatially repeated from the
beginning to the end of a vision network. To enhance performance and efficiency in various scenarios,
GoogleNet introduces three Inception structures. In most cases, these structures utilize 1x1 convolution to
compute reductions before the more resource-intensive 3x3 and 5x5 convolutions are applied. By using
GoogleNet as an inspiration, advancements in identification capability are achieved through higher-powered
hardware, greater datasets, and larger models, as well as through new algorithms, ideas, and improved
network architectures. Figure 8 shows how GoogleNet is structured.
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Figure 8. GoogLeNet architecture [38]
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A convolutional neural network structure indicated by MobileNetV2 employs an inverted residual
structure. MobileNetV2, a pre-trained convolutional neural network, consists of 53 layers and was trained on
a vast dataset of over a million images from ImageNet [39]. The model has been trained effectively to
categorize images into 100 distinct object classes. The basic structure of MobileNetV2 is comprised of 32
filters and 19 bottleneck layers, which have been organized into fully convolutional layers. There are two
distinct blocks in it, each with three levels. Both blocks have a 32-filter with 1x1 convolutional layers at the
start and end, although the second layer is a convolutional layer that functions in depth order. At every level
of the structure, the ReLU is utilized. The stride values vary among the two blocks, with the first block
having a stride size of 1 and the second block having a stride length of 2, indicating a difference in stride
values between the two blocks. Overall, MobileNetV2 is a simple and effective model. Figure 9 provides an
illustration of the construction of the model.

Add conv 1x1, Linear

1 f
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Conv 1x1, Relu6

Figure 9. Architecture of MobileNetv2 [40]

2.4. Classification

Several classification techniques have been employed to differentiate between benign and malignant
instances of colorectal cancer. These methods aim to simplify the identification of colorectal cancer. Along
with training and evaluating the image dataset using a CNN model, several additional metrics, including
accuracy, sensitivity, specificity, precision, F1-score, and area under the ROC curve (AUC), have been
employed for evaluating the effectiveness of these classification methods.

2.5. Network optimizer

Deep learning optimizer techniques are employed to modify the weights and learning rate of a
neural network with the objective of reducing the loss function during training. Deep learning employs a
variety of optimizers. Some of the commonly used optimizers in deep learning are stochastic gradient descent
with momentum (SGDM), adaptive moment estimation (Adam), adaptive gradient optimizer (AdaGrad), and
root mean square propagation (RMSProp). The main objective of these optimizers is to find the ideal weights
that enable the neural network to successfully convert input data into the desired result. There are various
types of optimization algorithms available for deep learning models, and the choice of optimizer should be
based on the specific requirements of the model and the dataset being used. Each optimizer has its own set of
strengths and weaknesses. In this study, Adam optimizer employed [41].

The Adam optimization algorithm employs a first-order gradient strategy to optimize a stochastic
function. It is a suitable method to be simply implemented with many parameters and data. It provides high
computational efficiency and requires little in the form of hardware resources [42]. It is also appropriate to
handle non-stationary goals and issues with noisy or sparse gradients. A popular optimization strategy in
deep learning is the Adam technique, which combines both RMSProp and stochastic gradient descent. Adam
contributes to balancing the learning rate for each weight in the model networks, which improves the stability
of the optimization process and lowers the possibility of overfitting. Overall, Adam is an efficient
optimization strategy that has been widely employed in the field of deep learning due to its successful
performance. The Adam optimizer is expressed mathematically, as shown in (5) and (6).

A deep learning framework for accurate diagnosis of colorectal cancer using... (Maria M. Attia)
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me= Bime_q + (1 — B1) g¢ 5)
Ve = Boveor + (1= By) 94° (6)

2.6. Performance evaluation

The confusion matrix produced for different models is used to generate components including true
positive (TP), false positive (FP), true negative (TN), and false negative (FN). These elements are crucial for
evaluating the models [43]. Additionally, the confusion matrix components are employed to calculate
important metrics like accuracy (ACC), precision positive predictive value (PPV), sensitivity (Recall),
specificity (SPC), and F1-score.
— Accuracy is the ratio of correctly predicted values to all predicted values, according to (7).

ACC = — TPHTN @

TP+TN+FP+FN

— Recall is the ratio of positive samples predicted out of the total number of samples that are positive, as
given in (8).

TP
TP+FN

(®)

Recall =

— The number of samples predicted to be negative out of all samples that are negative is known as the
specificity (SPC), as given in (9).

TN
TN+FP

SPC = 9)

— As given in (10), precision refers to the ratio of correctly classified samples from the actual positive
samples in the detected class.

TP
TP+FP

PPV =

(10)

— F1-score, which can be calculated from (11), represents overall performance as determined by the model's
recall and precision.

2sprecisionxRecall
F1 —score = — (ll)
Precision+Recall

3. RESULTS AND DISCUSSION
3.1. The analysis

The analysis was performed using a computer running Windows 11 (64-bit), an Intel (R) Core (TM)
i5-1135G7 CPU, and the MATLAB 2021a programming language. Three different models were employed to
train and test the data. In the first model, 80% of the data was allocated for training and 20% for testing. The
second model used 70% of the data for training and 30% for testing. Finally, the third model distributed the
data, with 60% used for training and 40% for testing. Four distinct CNN models, specifically ResNet-18,
ResNet-50, GoogLeNet, and MobileNetV2, were trained using the Adam optimizer to improve the
productivity and effectiveness of the learning process. These techniques made it possible to assess how well
the models were able to classify and estimate the outcomes based on test data. Table 2 includes the variables
used to train CNN models.

Table 2. MATLAB training options for deep learning neural networks

Configurations Values
Input size 224x224x3
Max epochs 8
Mini batch size 10
Shuffle Every epoch
Validation frequency 5
Learning rate 0.00001
Optimizer Adam
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3.2. The results of the applied models

Table 3 presents the distinct outcomes achieved by employing four pre-trained CNN models across
three different models. The first model demonstrated exceptional performance, with ResNet-18 and
ResNet-50 achieving 100% accuracy, specificity, and sensitivity. GoogLeNet also performed well, achieving
an accuracy of 97%, a specificity of 100%, and a sensitivity of 94.4%. MobileNetV2 achieved an accuracy of
97%, a specificity of 93.3%, and a sensitivity of 100% in this first model. In the second model, the highest
accuracy, specificity, and sensitivity were achieved by ResNet-18, ResNet-50, and GoogLeNet, all reaching
100%. On the other hand, MobileNetV2 achieved an accuracy of 89.8%, a specificity of 77.3%, and a
sensitivity of 100% in this model. Moving to the third model, ResNet-18 attained an accuracy of 97%, a
specificity of 96.7%, and a sensitivity of 97.2%. ResNet-50 achieved a high accuracy of 97%, a specificity of
100%, and a sensitivity of 94.4%. GoogLeNet achieved an accuracy of 90.9%, a specificity of 83.3%, and a
sensitivity of 97.2%. The lowest accuracy was obtained from MobileNetV2, with an accuracy of 89.4%, a
specificity of 76.7%, and a sensitivity of 100%. Overall, the best results were obtained from both the first
model, which employed 80% of the training data and 20% of the testing data, and the second model, which
utilized 70% of the training data and 30% of the testing data.

Numerous studies have been conducted to provide projections for colorectal cancer employing deep
learning, machine learning, and other techniques depending on various imaging data for cancer cells. Table 4
displays several approaches utilized by researchers, highlighting the various datasets used in addition to the
suggested approach. While earlier studies have demonstrated remarkable accuracy in predicting colorectal
cancer, the proposed approach has also produced promising results, with accuracy of up to 100% attained in
specific cases.

Table 3. Performance results of the suggested methods for multiple testing datasets

Training data : Testing data Network SEN. SPE. ACC.  Fl-score. PRE. AUC Elapsed time per
% % % % % epoch (second)
80%:20% ResNet-18 100% 100% 100% 100% 100%  1.0000 21.28
ResNet-50 100% 100% 100% 100% 100%  1.0000 51.07
GoogLeNet 94.4% 100% 97% 97.12% 100%  1.0000 21.56
MobileNetvV2  100% 93.3% 97% 97.3% 94.7%  1.0000 36.05
70%:30% ResNet-18 100% 100% 100% 100% 100%  1.0000 20.96
ResNet-50 100% 100% 100% 100% 100%  1.0000 58.36
GoogLeNet 100% 100% 100% 100% 100%  1.0000 18.14
MobileNetV2 100% 77.3% 89.8% 91.5% 84.4%  1.0000 27.82
60%:40% ResNet-18 97.2% 96.7% 97% 97.2% 97.2%  0.9991 16.67
ResNet-50 94.4% 100% 97% 97.12% 100%  0.9991 44.18
GooglLeNet 97.2%  833%  90.9% 92.1% 87.5% 0.9870 14.34
MobileNetV2 100% 76.7% 89.4% 91.13% 83.7%  0.9954 29.82
Table 4. Comparison between the proposed method and previous results

References Method Accuracy %
Al. Shawesh and Chen [10] Categorized the CRC histopathology image model employing ResNet-50. 97.7%
Yoon et al. [11] Implementing the modified VGG E model-based CNN architecture. 93.48%
Kather et al. [12] Applying decision trees, linear SVM, radial-basis SVM, and one-nearest 87.4%

neighbor for multi-class texture analysis in colorectal cancer histology.
Kassani et al. [13] The use of DenseNet and LinkNet architectures was demonstrated for 87.07%=1.56
automatically segmenting tumors in colorectal tissue samples.
Wang et al. [14] Applying BCNN for the categorization of colorectal cancer histopathological 92.6%z+1.2

Sarwinda et al. [15]

images.
Deep learning approach using the ResNet architecture for the detection of
colorectal cancer through image classification.

73%-88%

Du et al. [16] Classify tumor epithelium and stroma through transfer learning with the 90.2%
GoogLeNet architectur.
Kather et al. [17] Evaluating colorectal cancer histology slides to predict survival applying 98.7%
several CNN models.
Song et al. [18] Developed a model using the DeepLab v2 architecture with ResNet-34 for 90.4%

Hsu et al. [19]

Tanwar et al. [44]
Wulczyn et al. [45]

Proposed method

identifing colorectal adenomas.

Proposed a system that employs grayscale images and deep learning,
specifically CNN model, to detect and classify colorectal polyp images.
Using deep learning for the detection and categorization of colorectal polyps.
A DL procedure was implemented to predict patient survival in colorectal
cancer.

Early prediction and diagnosis of colorectal cancer by implementing four pre-
trained CNN models.

82.8%-95.1%

92%
87%-95.5%

89.4%-100%
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The surgical sector has witnessed tremendous and ongoing technical advancements in recent years.
The adoption of the internet of things (I0T) concept in surgical practice stands out as one of the most
revolutionary developments [46]. A subset of 10T identified as the internet of surgical things (10ST) involves
the integration of software, sensors, and smart surgical instruments to enhance the effectiveness, safety, and
results of surgical procedures. 10ST may be beneficial in primary disease diagnosis, particularly in colorectal
cancer. DL could serve as a prompt and effective confirmation test following the initial conventional clinical
inquiry while also assisting trainee doctors in gaining expertise in CRC diagnosis throughout their internship
years. Moreover, global health systems may benefit from the incorporation of DL into CRC evaluation [47].
Further investigation has been conducted into the potential clinical practice implementation of deep learning
algorithms for the categorization and diagnosis of colorectal cancer histopathology images. The advancement
made possible by deep learning algorithms has the potential to improve colorectal cancer detection's accuracy
and efficacy [48].

4.  CONCLUSION AND FUTURE WORK

Over the past few years, deep learning and machine learning techniques have made a significant
impact on various fields, including image processing and the medical industry. These techniques have proven
to be valuable in the screening of different types of cancer and in highlighting areas of concern during cancer
diagnosis by specialists. The study aims to speed up and simplify the procedure for accurate identification of
colorectal cancer, along with making it more effective and real-time. To achieve this, multiple deep learning
models, particularly CNNs were employed with the Adam optimizer. According to the results of this study,
the four pre-trained CNN models can effectively identify colorectal cancer, achieving a precision range of
83.7% to 100%, sensitivity values ranging from 94.4% to 100%, and an accuracy range of 89.4% to 100%. In
future work, the suggested approach can undo training and testing with a larger dataset while also being
assessed on different datasets for the purpose of classification and prediction. Collaborating with medical
researchers specializing in colorectal cancer within hospitals or clinics would greatly contribute to the
advancement and practical application of this research within the medical field.
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