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Abstract
Background: Colorectal and prostate cancers are the most common types of cancer in men worldwide. To diagnose colorectal
and prostate cancer, a pathologist performs a histological analysis on needle biopsy samples. This manual process is time-consuming
and error-prone, resulting in high intra- and interobserver variability, which affects diagnosis reliability.
Objective: This study aims to develop an automatic computerized system for diagnosing colorectal and prostate tumors by
using images of biopsy samples to reduce time and diagnosis error rates associated with human analysis.
Methods: In this study, we proposed a convolutional neural network (CNN) model for classifying colorectal and prostate tumors
from multispectral images of biopsy samples. The key idea was to remove the last block of the convolutional layers and halve
the number of filters per layer.
Results: Our results showed excellent performance, with an average test accuracy of 99.8% and 99.5% for the prostate and
colorectal data sets, respectively. The system showed excellent performance when compared with pretrained CNNs and other
classification methods, as it avoids the preprocessing phase while using a single CNN model for the whole classification task.
Overall, the proposed CNN architecture was globally the best-performing system for classifying colorectal and prostate tumor
images.
Conclusions: The proposed CNN architecture was detailed and compared with previously trained network models used as
feature extractors. These CNNs were also compared with other classification techniques. As opposed to pretrained CNNs and
other classification approaches, the proposed CNN yielded excellent results. The computational complexity of the CNNs was
also investigated, and it was shown that the proposed CNN is better at classifying images than pretrained networks because it
does not require preprocessing. Thus, the overall analysis was that the proposed CNN architecture was globally the best-performing
system for classifying colorectal and prostate tumor images.
(JMIR Bioinform Biotech 2022;3(1):e27394) doi: 10.2196/27394
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Introduction
Background
According to the World Health Organization 2014 report, 14
million new cases of cancer were diagnosed in 2012, and the
disease caused 8 million people to die in the same period [1].
Colorectal cancer is the third most common cancer globally,
whereas prostate cancer is the second most common cancer
among men, accounting for 9.7% and 7.9% of all cancers in
both sexes, respectively [1]. Both colorectal and prostate tissues
are glandular and therefore have a similar histological
appearance.
For prostate cancer diagnosis, the European Association of
Urology guidelines [2] recommend the performance of a
histological analysis on a sample taken from a needle biopsy
by a pathologist who decides the grade and stage of cancer or
the type of tumor based on their experience and expertise.
However, this process is time consuming and it also results in
a high intra- and interobserver variability [3,4], which affects
diagnosis reliability. In December 1999, a study [5] of more
than 6000 patients conducted by Johns Hopkins researchers
found that up to 2 out of every 100 people who came to larger
medical centers for treatment were given an incorrect diagnosis
after histological analysis. These results suggest that
second-opinion pathology examinations not only prevent errors
but also save lives and money. Consequently, there is an
increasing interest among pathology experts in the use of
machine vision (or computational diagnosis tools) to reduce
diagnosis error rates by lowering the fallible aspect of human
image interpretation.
Computer-aided diagnosis can assist pathologists in reducing
the human analysis time, improving efficiency, and acting as a
second opinion [6-8]. Adding computer-based quantitative
analysis to human qualitative interpretation could significantly
reduce the intra- and interobserver variability revealed in [4].
The main objective of this study is to develop an automatic
computerized system for the diagnosis of colorectal and prostate
tumors using images of biopsy samples.
Numerous investigations concerning prostate or colorectal tumor
classification have been carried out [9,10]. However, most use
color spaces limited to gray-scale or red, green, blue (RGB)
images. In the last decade, many studies have used multispectral
images [11-18], which are acquired using a more precise
sampling of the light spectrum. This approach aims to better
capture the spectrum of the reflected light coming from the
observed sample, offering more discriminative information.
Lasch et al [19] suggested that multispectral imagery can
improve histopathological analysis by capturing patterns that
are invisible to the human vision system and standard RGB
imaging. Multispectral imaging studies have shown promising
results and often outperformed systems using traditional
gray-scale or RGB images [9,10]. However, multispectral
images contain a large amount of data, making them more
difficult to process because of increased execution time and
problems caused by the curse of dimensionality [13].
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Since the emergence of graphic processing units (GPUs) with
sufficient processing power to train Convolutional neural
networks (CNNs) in 2011, these models have seen a growing
interest in image classification. Several models have been
developed and tested on the ImageNet data set. As an example,
the AlexNet architecture was developed in 2012 [20] and won
several international competitions, including the ImageNet
competition. GoogLeNet [21], a 22 layers deep network, won
the ImageNet competition of 2014. He et al [22] deepened the
networks even more with ResNet and won the best paper in
2015 at the Conference on Computer Vision and Pattern
Recognition. To reduce training times, they developed a
framework in which layers are formulated as a residual function
with reference to the layer input, as opposed to the unreferenced
learning functions previously used. The residual network
comprised 152 layers. In 2016, Google DeepMind used a mix
of supervised deep learning and reinforcement learning (ie, deep
reinforcement learning) to create a system capable of learning
how to play the game of Go [23]. This program, called AlphaGo,
achieved a 99.8% winning rate against other Go programs and
defeated the human European Go champion by 5 games to 0.
In 2017, they created AlphaGo Zero [24], which outperformed
the original AlphaGo in terms of performance and learning time
without using any human knowledge. CNNs seem particularly
adapted to the problem of microscopic images of tumor
classification. A previous study [25] applied CNNs to
microscopic images of colorectal cancer and found a promising
accuracy of 99.1%. However, in this study, images were
preprocessed using an active contour model before being fed
to the CNN model. This operation requires the intervention of
a pathologist to select the region of interest from the segmented
image. Otherwise, this step can be replaced by another
supervised learning model, which requires more training and
thus dramatically increases the processing time. This study
proposes a model that does not require a preprocessing phase
and uses a single CNN model for the entire classification task
using multispectral images.
Deep learning is a branch of machine learning that attempts to
mimic the thinking process. To process data, information is
passed through a network consisting of different layers, where
each layer serves as input to the following layer. The first layer
of a network is referred to as the input layer, whereas the last
layer is the output layer. All the layers in between are called
hidden layers. Typically, a layer is a simple algorithm that
consists of an activation function. This field of machine learning
is now very active, and the research community is focused on
solving practical applications using modern deep learning. This
study aims to apply the deep learning framework to the problem
at hand.

Objective
The primary objective of this study is to develop a computerized
automatic system for the diagnosis of colorectal and prostate
tumors using images of biopsy samples to reduce time and
diagnosis error rates associated with human analysis. To achieve
this, we propose a CNN model for the classification of colorectal
and prostate tumors from multispectral images of biopsy
samples. The key idea is based on removing the last block of
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the convolutional layers and halving the number of filters per
layer.
This paper is organized as follows: we first describe the
principles of deep neural networks. The second section discusses
the proposed method, whereas the data sets of multispectral
tumor images are described in the third section. In the fourth
section, the experiments carried out to validate the approach
are detailed, and finally their results are presented and analyzed.

Peyret et al
learning, a cost function must be chosen. The problem at hand
in this study defines a conditional distribution p(y|x; θ) and the
maximum likelihood principle is well adapted for it [26]. As a
result, the cross-entropy between the training data and the
model’s prediction, which is equivalent to the negative
log-likelihood, is used as the cost function. It enables the model
to estimate the conditional probability of the classes if the input
is known. The cost function model is as follows:

Feedforward Neural Networks
Overview
Feedforward neural networks, also called multilayer perceptrons
(MLPs), are the basis of deep learning models. They aim to
approximate the function f:~x!y, where ~x is an input feature
vector and y is its corresponding class. The network builds a
mapping ~y=f(~x;) by learning the parameters that provide the
best approximation function to f. In this type of network,
information moves from the input to the output through
intermediate layers with no feedback connections. The number
of layers is called the network depth. Each layer consists of a
vector of functions or units that act in parallel, and the dimension
of this vector is the width of the layer. Therefore, many
hyperparameters need to be chosen when designing a neural
network model, including its architecture, that is, the number
of layers and units per layer.
A hidden layer computes an affine transformation of its input
and then applies a nonlinear function g. This is defined by
h=g(W~x+b), where h is the output of the hidden layer, W is the
weight of the affine transformation, and b is the bias. W and b
are the parameters learned when training the model.
The function chosen for each unit is called the activation
function and is inspired by the behavior of biological neurons.
The most widely used activation function is the rectified linear
unit (ReLU), defined by g(z)=max(0, z). Many other options are
available, and the research on activation function is still a very
active field. However, the ReLU has proven to perform well
and is the default choice for activation functions.
Network training is performed using gradient descent. The main
difference from other models is that the nonlinearity of neural
networks causes the loss function to be nonconvex. Unlike
convex optimization used with support vector machines or deep
reinforcement learning, there is no guarantee of global
convergence of a gradient descent applied to a nonconvex loss
function. Consequently, the learning process is sensitive to the
initial values of weights and biases. To apply gradient-based
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where
is the distribution of the training data and pmodel is
the model distribution and the set of parameters for which the
cost function is calculated. Consequently, the specific form of
the cost function changes depending on the form of the log
pmodel.

Back-Propagation
During training, the gradient of the cost function ΔθJ (θ) is
computed using a back-propagation algorithm [27-29] to allow
information to flow backward through the network and compute
the error made on each network weight. A gradient descent was
then used to minimize the cost function. Learning was
subsequently performed by updating the weights of the units.
This procedure is described in the algorithm shown in Figure
1.
Training a neural network consists of applying a series of
forwarding propagations—the network output is generated from
the data through the network, and back-propagations compute
the error at each unit. Each of these forward propagation and
back-propagation combinations is called a pass. A pass of all
the training examples is performed to compute the gradient used
for the gradient-descent algorithm. A pass of every training
example is called an epoch. At the end of each epoch, the
network weights are updated using a learning rate
hyperparameter, which is multiplied by the gradient calculated
with back-propagation.
The learning rate is one of the most important hyperparameters
for tuning in a neural network, as it controls the effective
capacity of the network [26]. Therefore, it needs to be carefully
optimized. If the learning rate is too large, the gradient descent
can have the opposite of the desired effect, and training accuracy
can decrease [30]. However, when it is too small, the training
is slower, and sometimes the training accuracy can stay
permanently small [30]. The number of epochs is also a
hyperparameter that can be tuned ahead of the training.
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Figure 1. Back-propagation algorithm.

Methods
Overview
As previously mentioned, the research community is now
focusing on solving practical applications using deep learning
approaches. Our proposed solution to the problem of diagnosing
colorectal and prostate cancer is to apply a deep learning
framework.
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CNNs [27,31] are a type of neural network that specialize in
data with a grid-like topology. They are particularly adapted
for image processing. Similar to conventional neural networks,
they consist of units with weights and biases that are learned
during training. However, with the assumption of the data
topology, it is possible to add some properties to the architecture
to reduce the number of parameters to learn and improve the
network implementation efficiency. These key ideas are local
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connections, shared weights, pooling, and the use of many layers
[32].
The CNN units are arranged in three dimensions in each layer
of the network: width, height, and depth of the activation

Peyret et al
volume. As depicted in Figure 2, a total of 3 different types of
layers are usually stacked to form the full CNN architecture:
convolutional layer, pooling layer, and fully connected layer.
Fully connected layers are layers of a traditional MLP, as
described in the section Feedforward Neural Networks.

Figure 2. Convolutional neural network architecture.

Convolutional Layer
The convolutional layer is the core layer of a CNN. The basic
idea is that instead of connecting a unit to every unit of the
previous layer, it is only connected to a local region of the
previous layer. The spatial extent of this connection is called
the receptive field of the unit or filter size. This is a
hyperparameter of the model. The filter size along the depth
axis is the same as that of the previous layer. This shows an
asymmetry in the way spatial dimensions (width and height)
and the depth dimension are treated, making the network
particularly adapted for multispectral images. The connectivity
of the convolutional layer is local along the width and height,
but the layer is fully connected along with depth.
A convolutional layer’s parameters can also be seen as a set of
spatially small-sized learnable filters or kernels. During the
forward pass, the filters are convolved across the width and
height dimensions of the input volume. This action produces a
2D activation map outputting the responses of the filter at each
position of the input layer [26,32]. The output volume of a
convolutional layer depends on three hyperparameters: the
number of filters, the stride, and zero padding.
The number of filters in the same receptive field determines the
depth of the output volume. A different filter activates for every
different pattern. A set of units with the same receptive field is
called the breadth of the output layer.
The stride used when the filters are slid along the spatial
dimensions of the previous layer affects the height and width
of the output volume. The higher the stride, the smaller is the
output volume.
The input volume can be padded with zeros around the border
to keep the information at the border. Without zero padding,
the information carried by the pixels at the border of the input
image vanishes quickly after successive convolutional layers.
This artificially increases the size of the input layer, thereby
increasing the size of the output layer.
https://bioinform.jmir.org/2022/1/e27394
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Furthermore, the parameter-sharing scheme is used to reduce
the number of parameters to be learned. It is based on the
assumption that a useful feature at one position of the input
layer is also useful at a different position. This means that the
units on the same output depth slice use the same weights and
biases. This explains the fact that the forward propagation
through a convolutional layer is equivalent to convoluting a
filter or kernel with the input layer.

Pooling Layer
Typically, a pooling layer is inserted between the successive
convolution layers. The pooling function replaces the output of
a convolutional layer at a certain unit with the statistic of its
neighboring units. The most popular pooling function used is
the max-pooling method introduced by Zhou et al [33]. The
pooling layer aims to make the system invariant to small input
translations. This property gives more importance to whether
a feature is present in the input rather than its exact position.

CNN Feature Extraction and Classification
The combination of convolutional and pooling layers aims to
learn the best features that can be extracted from the data set.
This contrasts with most current methods that use handcrafted
feature extraction techniques, such as those presented in the
previous sections. These approaches can yield very good results
but are usually sensitive to the data set and perform poorly when
applied to different data sets. The combination of convolutional
and pooling layers of a CNN provides a more versatile method
for extracting features from images. The fully connected layers
of the CNN correspond to the classifier. It aims at learning to
classify learned features. As a result, a CNN is a unified versatile
scheme for feature extraction and classification. As medical
image classification is often a very complex task, it requires
carefully manufactured feature sets for each type of data or even
each different data set; doing just that with a unified framework,
CNNs seem particularly adapted to the field.
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Data Set Description

Experiments

The prostate gland and the colorectum have a similar tissue
structure, with the tubular glandular mucosa—composed of
epithelium and lamina propria—being their main functional
tissue. This characteristic implies that these tissues are subject
to development of the same types of tumors and cancers.
Carcinomas are the most common type of malignant tumor and
they are derived from epithelial cells [34]. Carcinomas are called
adenocarcinomas when derived from glandular tissues, which
is the case for both organs studied in this paper. All growths
are not necessarily malignant, and benign polyps can occur [35].
They are usually noncancerous growths of the mucosa into the
lumen and can be of different types.

Hardware and Software Specifications

Although most polyps are completely benign, such as
hyperplastic polyps or hyperplasia, some types of polyps can
transform into adenocarcinoma and can be considered as a
precancerous stage. They are called adenomas and can be tubular
or villous, depending on their growth patterns [36]. Hyperplastic
polyps are characterized by an increase in the number of cells,
resulting in an increased size of the tissue because of enhanced
cell division. In contrast to an adenoma or a carcinoma, the
division rate in a hyperplastic polyp returns to normal as soon
as the stimulus is removed.
To best describe the different types of tumor recognized by
pathologists, the following two data sets were used for the
purpose of this study:
1.

2.

The prostate data set, which was used in previous works
by Tahir and Bouridane [13] and Peyret et al [17], consists
of 512 different multispectral prostate tumor tissue images
of size 128×128. The images were taken at 16 spectral
channels (500-650 nm) and 40× magnification power. The
samples were evaluated by 2 highly experienced
independent pathologists and labeled into four classes: 128
cases of stroma, which is normal muscular tissue, 128 cases
of benign prostatic hyperplasia, a benign condition, 128
cases of prostatic intraepithelial neoplasia, a precancerous
stage, and 128 cases of prostatic carcinoma, an abnormal
tissue development corresponding to cancer.
The colorectal data set, which consists of multispectral
colorectal histology data with a 40× magnification power,
was developed by the University of Qatar in collaboration
with Al-Ahli Hospital, Doha. It splits into 4 classes, each
composed of 40 images. The images were acquired on a
wider spectrum than the first data set, as it was spread on
the visible and infrared ranges of the electromagnetic
spectrum with an interval of 23 nm between each
wavelength. That is to say, in the visible range, the
wavelength interval is 23 nm starting from 465 to 695 nm,
and in the infrared range, the wavelength interval is also
23 nm and ranges from 900 to 1590 nm. The special size
was 128×60 pixels. The 4 classes were defined as
carcinoma, containing images of cancerous colon biopsies;
tubular adenoma, a precancerous stage; hyperplastic polyp,
a benign polyp; and no remarkable pathology.
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To train deep CNNs, a GPU is required. The system used for
this experiment was equipped with 1 NVIDIA K80 GPU and
4 central processing units. It had 61-GB RAM. Regarding
software, Keras with a TensorFlow backend was used. Keras
has the advantage of making available deep learning models
alongside pretrained weights.

Selected Architecture
The proposed CNN architecture evaluated for the task at hand
was based on Visual Geometry Group 16 (VGG16) [37]. To
design the proposed architecture, the last block of the
convolutional layers of VGG16 was removed, and the number
of filters per layer was halved. The idea is to reduce the capacity
of the network because the interclass similarity in the data sets
used for the task was high compared with the data set on which
VGG16 was tested.
As represented in Figures 3 and 4, the overall proposed network
architecture consists of a total of 13 layers with weights—the
first 10 being convolutional layers, and the remaining 3 fully
connected layers. The output of the last fully connected layer
was fed to a SoftMax classifier, which is a generalization of the
logistic regression classifier to the multiclass problem and
produces a distribution of the 4 class labels. The network uses
cross-entropy as a loss function.
Similar to VGG16, we decided to use a small kernel with a size
of 3 pixels for every convolutional layer. The strategy of
stacking convolutional layers with a small filter size is preferred
to using a single large receptive eld convolutional layer. For
the same final receptive field, the former strategy includes
nonlinearities (ReLU functions) at each layer, whereas the latter
computes a simple linear function on the input, which makes
the features less expressive. A stride of 1 was also adopted for
the entire network to minimize information loss.
To achieve better control over the output size of each layer and
maintain border information, a zero padding of 1 is added before
each convolutional layer. The first 2 convolutional layers use
32 kernels followed by a 2 2 max-pooling layer. The
max-pooling layer reduces the size of the output and thus the
network capacity. The number of kernels is doubled in the next
convolutional layer to compensate for this loss. Consequently,
this sequence is followed by 2 convolutional layers with 64
filters, and then a new max-pooling layer is applied. This is
followed by a series of 3 convolutional layers with 128 filters
and a max-pooling layer. A final series of 3 convolutional layers
with 256 filters and a max-pooling layer was applied. The
neurons in the 3 fully connected layers with sizes of 1024, 1024,
and 4, respectively, are connected to all neurons in the previous
layer. The ReLU nonlinearity was applied to the output of every
layer with weights.
Dropout is used after every max-pooling and fully connected
layer to reduce overfitting. An early stopping strategy is also
adopted to reduce the training time and regularization. Finally,
data augmentation is carried out using the following
transformations: each image is flipped along the 2 special axes,
JMIR Bioinform Biotech 2022 | vol. 3 | iss. 1 | e27394 | p. 6
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and 30 rotations in both directions are applied. This results in
the generation of 27 fake images for each real data image. To
ensure that the generalization is not overestimated, data set
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augmentation is performed after splitting the data set into
training and test sets.

Figure 3. Illustration of the architecture of the proposed convolutional neural network for prostate cancer images. ReLU: rectified linear unit.

Figure 4. Illustration of the architecture of the proposed convolutional neural network for colorectal cancer images. ReLU: rectified linear unit.

Details of Learning
The weights of each layer are initialized using the Xavier
initialization method [38], where the weights are drawn from a
normal distribution centered on zero and with an SD of the
following:

where Nin and Nout are the numbers of input and output units,
respectively. The network was trained separately on the 2 data
sets.
The learning rate used was the same for all layers. It is optimized
using a grid-search scheme, the results of which are presented
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in Figures 5 and 6. The learning rate selected for training was
0.0001 for both data sets.
For each model training, a 10-fold cross-validation technique
was adopted to obtain a good estimate of the systems’
generalization accuracy. This provides a large training set for
better learning.
Figures 7 and 8 illustrate the evolution of the loss function
during training for the prostate and colorectal data sets,
respectively. Figures 9 and 10 show the evolution of their
accuracies. It can be observed from these figures that the
validation accuracy is very close to the training accuracy, which
proves that the model is not in the overfitting regime. The higher
variation in validation accuracy and loss can be explained by
the smaller set used for validation compared with that used for
training.

JMIR Bioinform Biotech 2022 | vol. 3 | iss. 1 | e27394 | p. 7
(page number not for citation purposes)

JMIR BIOINFORMATICS AND BIOTECHNOLOGY

Peyret et al

Figure 5. Validation accuracy obtained with different learning rates for the network trained on prostate data.

Figure 6. Validation accuracy obtained with different learning rates for the network trained on colorectal data.

Figure 7. Loss function evolution during training for the prostate data set.
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Figure 8. Loss function evolution during training for the colorectal data set.

Figure 9. Accuracy evolution during training for the prostate data set.

Figure 10. Accuracy evolution during training for the colorectal data set.

Transfer Learning
Transfer learning consists of using a network previously trained
on another data set to use the knowledge acquired during this
learning task for the new task at hand [39]. In most transfer
learning for image classification tasks, the ImageNet data set
[40], which contains 1.2 million images with 1000 categories,
is used for pretraining the network. When only a small data set
is available, this allows the CNN to be trained on a very large
data set and therefore train a high-capacity network that captures
https://bioinform.jmir.org/2022/1/e27394
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details without overfitting. Very deep networks also require a
lot of time and very powerful machines equipped with multiple
GPUs. Using pretrained networks can be advantageous when
appropriate resources are not provided. Several transfer-learning
scenarios are practical.
In the first scenario, the pretrained CNN is used as a fixed
feature extractor. The convolutional layers of the network are
kept with the weights determined during training on the
ImageNet data set, and the pretrained fully connected layers are
replaced with fully connected layers initialized with random
JMIR Bioinform Biotech 2022 | vol. 3 | iss. 1 | e27394 | p. 9
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weights. During training, only the newly added fully connected
layers were marked as trainable. They used the features extracted
by pretrained convolutional layers as inputs. These features are
usually referred to as CNN codes [26,39].
Another strategy is to retrain the fully connected layers from
scratch to fine-tune the weights of the pretrained convolutional
layers by continuing back-propagation. Either all the
convolutional layers can be retuned or only some of the
higher-level layers to avoid overfitting. This derives from the
observation that the lower-level layers usually learn more
generic features, such as edge detectors, that can be used for
many different learning tasks. In contrast, the high-level layers
tend to learn features that are more specific to the characteristics
of the classes of the original data set.
In this study, only the first scenario was investigated. The
pretrained CNNs are very deep and require very high
computational power to be retuned. Using them as feature
extractors is, in fact, equivalent to training only a relatively
shallow MLP. The proposed architecture was compared with
popular CNN architectures: VGG16 [37], InceptionV3 [21],
and ResNet50 [22]. These networks were initialized with the
weights obtained when pretraining them on the ImageNet data
set. However, InceptionV3 and ResNet50 are very deep
networks (48 and 152 layers, respectively), and a minimum
input image size is required. InceptionV3 requires a minimum
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width and height of 139 pixels and ResNet50 of 197 pixels. The
images of the colorectal data set were smaller, and zero padding
was added to reach the required dimensions. Moreover, the
ImageNet images are RGB images and therefore have a depth
of 3 channels. To meet the dimension requirements, a principal
component analysis (PCA) was carried out to reduce the
dimensionality of the multiscale images to 3 channels.

Results and Discussion
Principal Results and Findings
To visualize the effect of the kernels on images through the
network, Figures 11 and 12 present examples of outputs of the
first convolutional layer of the networks trained with the prostate
and colorectal data sets, respectively. Figures 13 and 14 depict
examples of outputs of the last convolutional layers of the same
networks. It can be observed that after the first layer, the outputs
are very similar to the input image, for instance, with
transformations resembling edge detections. Once the image
has its own through the network, different regions or features
of the input image are represented in the outputs of the last
convolutional layer. Thus, the different layers learn a succession
of transformations, leading to an isolation of relevant regions
or features of the input image. The fully connected layers of the
network are then able to classify these particular features into
the 4 classes.

Figure 11. Example of an output of the first convolutional layer for the network trained on the prostate data set.
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Figure 12. Example of an output of the first convolutional layer for the network trained on the colorectal data set.

Figure 13. Example of an output of the last convolutional layer for the network trained on the prostate data set.
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Figure 14. Example of an output of the last convolutional layer for the network trained on the colorectal data set.

Table 1 displays the validation and test accuracies obtained
using the prostate and colorectal data sets for different CNN
models. This shows that the validation and test accuracies are
very close, proving a good generalization of the systems and
that overfitting was avoided.
The proposed CNN model achieved an average test accuracy
of 99.8% and 99.5% for the prostate and colorectal data sets,
respectively. Table 2 shows that the optimal CNN weights were
obtained after 44 and 70 epochs, respectively. The VGG16
model initialized with Xavier weights trains very quickly for
the prostate data set; the optimal validation accuracy was
obtained after 19 epochs, as illustrated in Table 2. However, it
is less efficient at learning for the colorectal data set and requires
as many as 70 epochs to obtain the minimum validation loss.
The results also show slight overfitting for the colorectal data
set, as the validation accuracy is lower than the training
accuracy. This is because of the high capacity of the network.
When using this network with pretrained weights from
ImageNet, the training loss reaches a minimum after only a few
epochs, but the validation loss shows that the network overfits
marginally for both data sets. The test accuracy was also lower
than that of the proposed CNN by 99.5% and 98.1%,
respectively. This is because the CNN codes learned with the
ImageNet data set are not as adapted to the classification task
at hand as those learned with the proposed CNN. The
InceptionV3 model shows a higher overfitting and a lower

https://bioinform.jmir.org/2022/1/e27394

XSL• FO
RenderX

generalization for both data sets with 99.0% and 94.5% accuracy
for the prostate and colorectal data sets, respectively. This shows
once again that the CNN codes learned on the ImageNet data
set with this network are not adapted to the classification task
at hand. Finally, the pretrained ResNet50 achieved optimal
accuracy with the lowest number of epochs: 5 and 22 for the
prostate and colorectal data sets, respectively. It also achieves
100% average accuracy for the prostate data set, outperforming
the proposed CNN, and 99% for the colorectal data set, which
is slightly lower than the proposed data set. This lower
performance compared with the proposed CNN architecture for
the colorectal data set might be owing to some loss of
information when performing PCA on the 42 channels of the
colorectal data set images. The prostate data set consisted of
images with only 16 channels, and it is logical that the loss of
information is not as important during this transformation.
Therefore, the proposed CNN architecture is more adapted to
the task at hand than the other methods it was compared with.
However, ResNet50 shows very good performance when used
as a feature extractor and is trained with fewer epochs. In every
case, it was noted that the colorectal data set is more prone to
overfitting. This is probably owing to the size of the images,
which are spatially smaller than those for the prostate data set.
Therefore, a model with the correct capacity for the prostate
data set might be overestimated for the colorectal data set.
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Table 1. Validation and test accuracy comparison of different architectures.a
Method

a

Prostate data set (% accuracy), mean (SD)

Colorectal data set (% accuracy), mean (SD)

Validation

Test

Validation

Test

Proposed CNNb

100

99.8 (0.1)

100

99.5 (0.1)

VGG16c Xavier initial

100

99.6 (0.1)

99.0 (0.1)

99.2 (0.1)

VGG16 pretrained

100

99.5 (0.1)

97.5 (0.2)

98.1 (0.1)

InceptionV3 pretrain

98.8 (0.2)

99.0 (0.1)

92.3 (0.3)

94.5 (0.3)

ResNet50 pretrained

100

100

99.5 (0.1)

99.0 (0.2)

SD values have been provided wherever applicable.

b

CNN: convolutional neural network.

c

VGG16: Visual Geometry Group 16.

Table 2. Number of epochs until early stopping.

a

Method

Prostate data set

Colorectal data set

Proposed CNNa

44

70

VGG16b Xavier initialization

19

70

VGG16 pretrained

10

38

InceptionV3 pretrained

48

53

ResNet50 pretrained

5

22

CNN: convolutional neural network.

b

VGG16: Visual Geometry Group 16.

Comparison Against Other Machine Learning Methods
Table 3 shows the test accuracy of the best-performing CNN
architectures compared with other methods from Tahir et al
[15], Bouatemane et al [16], Haj-Hassan et al [25], and Peyret
et al [17] stacked multispectral multiscale local binary pattern
(MMLBP) + gray-level co-occurrence matrix (GLCM), and
concatenated local binary pattern [18]. Regarding the prostate
data set, 5 systems have an accuracy above 99%: Bouatemane
et al [16], Stacked MMLBP+GLCM, the proposed CNN,
Haj-Hassan et al [25], and ResNet50 with pretrained weights.
The highest classification accuracy was achieved using
ResNet50 with 100% accuracy. The proposed CNN and the
study by Bouatemane et al [16] achieved 99.8% accuracy;
however, the SD was not given for the latter. Therefore, it is
not possible to determine the precision of the accuracy
estimation. The stacked MMLBP+GLCM system achieves
99.5% (SD 0.3 pp), which makes this performance similar to
that of the proposed CNN. However, a higher SD shows lower
precision in the accuracy estimation. Therefore, the proposed
CNN was preferred. The study by Haj-Hassan et al [25] achieved
a 99.17% accuracy with segmentation. Their system without
this preprocessing phase achieved an accuracy of 79.23%.
This can be explained by the lower capacity of their model
compared with ours. This has the advantage of requiring less
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processing power. However, this is counterbalanced by the fact
that their system requires a preprocessing phase with the
intervention of a pathologist, which dramatically increases the
processing time of the system. Furthermore, they state that their
CNN model requires 500 epochs to be trained, which is much
higher than that of the proposed model. With respect to the
colorectal data set. Peyret et al [17] stacked MMLBP+GLCM
system and the proposed CNN both provided the same accuracy
and SD. They outperform ResNet50 with pretrained weights
by 0.5 pp.
Finally, when considering the results obtained with both data
sets, the stacked MMLBP+GLCM system and the proposed
CNN appear to provide the most stable results as well as the
highest accuracy. However, on average, the SD of the accuracy
achieved by the proposed CNN is lower than that obtained with
the stacked MMLBP+GLCM system. The performance of the
ResNet50 network seems to be more dependent on the data set
used. Moreover, it would be interesting to compare the system
proposed by Bouatemane et al [16] using the colorectal data set
to verify whether it performs as well on different data sets.
Considering the current information available on the system
performance and with the data sets available, the proposed CNN
is selected as the best-performing system in terms of accuracy
for the classification task at hand.
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Table 3. Accuracy comparison against other methods.a

a

Method

Prostate data set (% accuracy), mean (SD)

Colorectal data set (% accuracy), mean (SD)

Tahir et al [15]

•

98.9

•

N/Ab

Bouatemane et al [16]

•

99.83

•

N/A

Concatenated LBPc [18]

•
•

92.4 (0.4)
99.5 (0.3)

•
•

88.2 (0.5)
99.5 (0.1)

Stacked MMLBPd + GLCMe [41]

•

99.5 (0.3)

•

99.5 (0.1)

Haj-Hassan et al [25]

•

99.17

•

N/A

Proposed CNN

•

99.8 (0.1)

•

99.5 (0.1)

ResNet50 pretrained

•

100

•

99.0 (0.2)

SD values have been provided wherever applicable.

b

N/A: not applicable.

c

LBP: local binary pattern.

d

MMLBP: multispectral multiscale local binary pattern.

e

GLCM: gray-level co-occurrence matrix.

Computational Complexity Analysis
In computer-aided diagnosis systems (CADSs), an unlabeled
image is fed to a previously trained system. Consequently, the
time used to process this image is decisive, as it is crucial that
the CADS works on the web. However, the forward pass of an
image through the CNN architectures studied in this study is
computationally nonexpensive. Table 4 displays the
classification times per image for all CNN architectures tested.
This demonstrates that only a few milliseconds are required to
classify one image once the CNN has been trained. However,
it must be noted that the proposed CNN architecture is much
quicker at classifying images than the others. This is because,
for the architectures described in the literature and the pretrained
networks, a PCA must be carried out to reduce to 3 the number
of channels of the image to be classified. This preprocessing
stage lengthens the total classification time.
As mentioned, training is performed only once when a CADS
is created. Consequently, training time is not a critical measure
of the problem at hand. However, the computational complexity
of deep learning systems can rapidly increase significantly.
Such architectures require high-performing hardware, including

GPUs. Some extremely deep architectures can also entail several
weeks of training time [26]. Such long training times
considerably slowed down the CADS development process. To
verify that the proposed system can be trained within a
reasonable duration, a comparison of the training times for each
architecture was carried out (Table 5). The computational times
depending on the hardware and software used, it is not possible
to compare the CNN architectures with other classification
systems proposed in other published works. However, this is
one of the first attempts to use deep learning for this application.
Therefore, this section aims to establish the ability of deep
learning systems to be trained in a short period using the data
sets used.
Unsurprisingly, Table 5 demonstrates that pretrained networks
have a much shorter training time per epoch owing to the
reduced number of layers to be trained; ResNet50 and
InceptionV3 can be trained in a few minutes. When considering
this measure of performance, the best architecture was
ResNet50. However, the total training time for every CNN
model is <2 hours, making it a reasonable time for developing
a CADS.

Table 4. Average convolutional neural network (CNN) classification computation times for 1 image.

a

Method

Prostate data set (ms)

Colorectal data set (ms)

Proposed CNN

14

7

VGG16a Xavier initial

75

42

VGG16 pretrained

75

42

InceptionV3 pretrained

63

42

ResNet50 pretrained

65

47

VGG16: Visual Geometry Group 16.
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Table 5. Average convolutional neural network (CNN) training computation times for the complete data set.
Method

a

Prostate data set (seconds)

Colorectal data set (seconds)

Time per epoch

Total training

Time per epoch

Total training

Proposed CNN

90

3780

45

2925

VGG16a Xavier initial

245

4655

97

6790

VGG16 pretrained

83

3154

35

1400

InceptionV3 pretrained

39

1755

15

705

ResNet50 pretrained

41

205

32

704

VGG16: Visual Geometry Group 16.

Conclusions
In this paper, the proposed CNN architecture was detailed and
compared with previously trained network models used as
feature extractors. These CNNs were also compared with other
classification methods from other published studies. The
proposed CNN demonstrated excellent performance compared
with pretrained CNNs and other classification methods. The

computational complexity of the CNNs was also analyzed, and
it was demonstrated that the proposed CNN is faster at
classifying images than pretrained networks because it avoids
a preprocessing phase. The conclusion of this overall analysis
is that the proposed CNN architecture was globally the
best-performing system for classifying colorectal and prostate
tumor images.
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