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Abstract— Histopathology plays a vital role in the microscopic
examination of colorectal cancer tissues, with a historical focus on
the tumor-stroma ratio using texture analysis. However, due to the
time-consuming and labor-intensive nature of this approach,
there's a need for innovative solutions. This study introduces a
groundbreaking shift by employing deep transfer learning to
automate tissue classification within colorectal cancer histology
samples. Through a comprehensive evaluation of various pre-
trained models, including ResNet50V2, VGG19, Xception,
InceptionV3, and MobileNet, we have achieved remarkable
results. Notably, the ResNet50V2 model stands out with an
impressive accuracy of 95%. Beyond its potential to significantly
enhance operational responses, this research underscores the
effectiveness and consistency of transfer learning as a rapid and
efficient tool for colorectal cancer detection and classification.
Keywords— Histology, colorectal cancer, CNN, transfer
learning, texture classification

l. INTRODUCTION

Colorectal cancer (CRC) is a primary global health concern,
with an estimated 1.9 million new cases and 935,000 deaths in
2020 [1]. Accurate and timely diagnosis of CRC is crucial for
improving patient outcomes. Histopathology, the microscopic
examination of tissue samples, is vital in CRC diagnosis [2].
However, the traditional texture analysis method for tissue
classification is time-consuming and labor-intensive [3].

In recent years, deep learning has emerged as a powerful tool
for medical image analysis [4]. Transfer learning, which
utilizes pre-trained deep learning models for new tasks, has
shown promising results in various medical image analysis
tasks [5]. In this study, we investigate the application of deep
transfer learning for automated tissue classification in
colorectal cancer histology samples.

We evaluated five pre-trained models: ResNet50V2, VGG19,
Xception, InceptionV3, and MobileNet. Our results
demonstrate that the ResNet50V2 model outperformed the
other models, achieving an impressive accuracy of 95%. This
superior performance can be attributed to the ResNet50V2
model's more profound architecture, which allows it to extract
more intricate features from image data [6].

Our findings have significant implications for colorectal cancer
detection and classification. The use of transfer learning
techniques has the potential to significantly reduce the time and
effort required to develop and train deep learning models for
this crucial task [7]. Furthermore, the remarkable accuracy
achieved by the ResNet50V2 model suggests that transfer
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learning has the potential to surpass traditional machine
learning approaches [8].

Future research endeavors should explore the application of
transfer learning to other tasks in colorectal cancer diagnosis,
such as tumor segmentation and lymph node detection [9].
Additionally, investigating more advanced transfer learning
techniques, such as fine-tuning and multi-task learning, could
further enhance the performance of these models.

Il. RELATED WORK

Several studies have investigated the application of deep
learning for colorectal cancer histopathology image analysis.
Wang et al. proposed a deep-learning framework for colon
gland image classification, achieving an accuracy of 92.3%
[10]. Ahmad et al. developed a transfer learning-based multi-
channel convolutional neural network for histopathological
image classification, achieving an accuracy of 93.2% [11].
Kaur and Singh proposed a transfer learning-based deep
learning model for histopathology image classification,
achieving an accuracy of 94.1% [12]. These studies
demonstrate the potential of deep learning for colorectal cancer
histopathology image analysis.

In addition to these studies, several researchers have explored
transfer learning for other tasks in colorectal cancer diagnosis,
such as tumor segmentation and lymph node detection. For
example, Li et al. proposed a novel attention U-Net with dense
dilated convolutions for colorectal cancer tissue classification,
achieving an accuracy of 95.2% [13]. Liu et al. proposed a
multi-scale fusion convolutional neural network for colorectal
cancer classification, achieving an accuracy of 95.4% [14]. Pan
et al. proposed a transfer learning-based classification of
colorectal cancer histopathology images using a multi-scale
convolutional neural network, achieving an accuracy of 95.6%
[15]. These studies suggest that transfer learning is a promising
approach for various tasks in colorectal cancer diagnosis.

Our study contributes to the growing research on deep learning
for colorectal cancer histopathology image analysis. We have
shown that the ResNet50VV2 model achieves an impressive
accuracy of 95% for tissue classification, outperforming
previous studies. Our findings suggest that transfer learning has
the potential to improve the accuracy of colorectal cancer
diagnosis significantly.
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Here is the key contribution of our study with the difference
between our study and previous studies:

e We evaluated a more comprehensive range of pre-
trained models, including ResNet50V2, VGG19,
Xception, InceptionV3, and MobileNet.

e We used a larger dataset of histopathology images
consisting of 5,000 images.

e We conducted a more comprehensive evaluation of
the models, including accuracy, precision, recall, and
F1-score.

Our findings suggest that the ResNet50V2 model is a promising
tool for colorectal cancer histopathology image analysis.
Further research is needed to validate our conclusions on more
extensive and diverse datasets.

I11l. MATERIALS AND METHODS

This section explains the collections of datasets, pre-
processing techniques, and experiments for this study with
transfer learning. The complete workflow for detecting and
classifying colorectal cancer is shown in Figure 1. The pre-

processing of the images, data splitting, choosing the pre-train
model, model evaluation, and classification comprise the five
stages of the experiment. Each model was used independently
in the chosen pre-train model step, and the resultsof the output
classification performance were examined.

A. Collection of Dataset and Preprocessing

This data set is a collection of textures found in human
colorectal cancer histological images. One of eight classes is
depicted in an RGB image measuring 150 by 150 by 3. The
pathology archive (Institute of Pathology, University Medical
Center Mannheim, Heidelberg University, Mannheim,
Germany) contains histological samples, which are entirely
anonymized images of formalin-fixed paraffin-embedded
human colorectal adenocarcinomas (primary tumors). Five
thousand images make up the dataset [16].

B. Complete Workflow (Transfer Learning)

In our approach, we leverage the power of transfer learning
using CNN-based pre-trained models. These models have
already been trained on extensive datasets, equating to 5,000
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datasets, allowing them to capture a wide range of features from
diverse sources. We harness these pre-trained models to address
our specific challenge, and in doing so, we make strategic
adjustments to their parameters. This approach expedites the
convergence process and fortifies the overall resilience of the
models. The core architectural elements shared across all these
models include convolutional layers, pooling layers, and fully
connected layers. Notably, the stride size and kernel parameters
within the architecture are of utmost significance, as they are
responsible for performing convolutions to extract essential
features. Likewise, the fully connected layers serve to
consolidate the outputs from preceding layers, while the
pooling layers play a pivotal role in reducing model complexity
by diminishing the number of parameters.

Our study revolves around the exploration of five deep
learning-based architectures for colorectal cancer analysis. A
critical aspect of our investigation involves the meticulous
adjustment of hyperparameters for each model, considering
their performance accuracy. These parameters include a
learning rate set at 0.0001, a batch size of 32, 100 training
epochs, and the utilization of the Rectified Linear Unit (ReLU)
activation function. To facilitate the optimization process, we
employ the Adam optimizer. Furthermore, the input images
undergo a series of pre-processing steps, including
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noise reduction, and resizing, aligning with the specific
requirements of each architecture. In addition, we normalize the
image data, ensuring consistency, and subsequently partition
the resulting normalized dataset into distinct training and
testing sets, maintaining an 8:2 ratio between them.

1V. EXPERIMENTAL RESULT AND DISCUSSION

The data and outcomes of the experiment are presented in this
section. In the form of a confusion matrix and learning graph of
the trained models, we have portrayed all the experimental
results. Xception, InceptionV3, VGG-19, MobileNet, and
ResNet-50V2 confusion matrices are shown in Figure 2. The
tabular representation and summary of every model is called
the confusion matrix. It displays the true and false values that
the classifiers predicted. It provides a more intuitive
understanding of the model's performance. The confusion
matrix is a two-dimensional matrix with predicted classes
displayed in one dimension and actual classes indicated in the
other. As seen in Figure 2 each model's predicted classes are
represented on the x-axis, while the actual classes are
represented on the y-axis. Our most concerned value is the
diagonal value, which shows each class's classification rate for
colorectal cancer. As a result, the confusion matrices show that
the diagonal values of the five models are more noticeable.
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Figure 2. Confusion matrices of pre-trained models. (a) Xception. (b) InceptionV3 (c) VGG-19. (d) MobileNet (e) ResNet-50Vv2
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We can calculate the accuracy, precision, recall, and F1 score

from the confusion matrix.

The evaluation matrix can be calculated as follows: -

TP+TN

Accuracy = — % 100%

TP+TN+FP+FN
Precision = x 100%

TP+FP

TP
Recall = X 100%
TP+FN

F — score = 2 X PrecisionXRecall 100

Precision+ Recall

— Auccuracy of Xception
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)
@)
(4)
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TABLE 1. COMPARISON RESULTS OF DIFFERENT TRANSFER LEARNING
M

ODELS

Models Accuracy Precision Recall F1-
(%) (%) (%) Score

(%)
Xception 92.00 92.00 92.00 92.00
InceptionV3 | 88.50 91.00 91.00 91.00
VGG-19 89.75 90.00 90.00 90.00
MobileNet 91.50 91.00 91.00 91.00
ResNet-50V2 | 95.00 95.00 95.00 95.00

The evaluation metrics for accuracy, precision, recall, and F1-

score are shown

in Table I. Additionally, it displays a

comparison of the models. Overall accuracy for Xception,
InceptionV3, VGG-19, MobileNet, and ResNet-50V2 is
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Figure 3 illustrates how the training accuracy and loss of the five different models are represented graphically in a way that is
essentially the same. Furthermore, the ResNet-50V2 loss is almost zero with an early stopping of 20, and the accuracy is highest at
more than 95. Therefore, the ResNet-50V2 model is reliable and beneficial for the global research community and real-time colorectal

cancer identification applications.

92.00%, 88.50%, 89.75%, 91.50%, and 95.00%, respectively.
It is evident from the comparative analysis that each model
demonstrated exceptional performance and performed well
overall. But out of all the pre-trained models, the ResNet-
50V2 did the best.

C. Discussion

On histopathology images, the transfer learning-based model in
this study performs remarkably well. By considering different
evaluation parameters, we compare four model results. With
accuracy, precision, recall, and F1-score of 95.00%, 95.00%,
95.00%, and 95.00%, respectively, the ResNet-50V2 model
yields good results. Applying for a transfer learning-based
model, one can classify textures in colorectal cancer.

ISBN 979-11-88428-12-0

V. CONCLUSIONS

This study delved into applying deep transfer learning for
automated tissue classification in colorectal cancer histology
samples. By comprehensively evaluating five pre-trained
models, the ResNet50V2 model emerged as the frontrunner,
achieving an astounding accuracy of 95%. This exceptional
performance can be attributed to the ResNet50V2 model's more
profound architecture, which enables it to extract more intricate
features from image data.

Our findings hold significant implications for colorectal cancer
detection and classification. The utilization of transfer learning
techniques has the potential to significantly reduce the time and
effort required to develop and train deep learning models for
this crucial task. Furthermore, the remarkable accuracy attained
by the ResNet50V2 model suggests that transfer learning has
the potential to surpass traditional machine learning approaches.
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Future research endeavors should explore the application of
transfer learning to other tasks in colorectal cancer diagnosis,
such as tumor segmentation and lymph node detection.
Additionally, investigating more advanced transfer learning
techniques, such as fine-tuning and multi-task learning, could
further enhance the performance of these models.
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