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) ) In recent years, advancements in deep learning have significantly contributed to
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the field of medical imaging, particularly in cancer detection. However, existing
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models often struggle with capturing spatial hierarchies and relationships in

complex medical images, which are crucial for accurate diagnosis. In this study,

we propose DeepCaps, a novel hybrid model that integrates the strengths of
.. feedforward neural networks and capsule networks to enhance cancer detection.
Publication Issue .
The feedforward component serves as a powerful feature extractor, while the
Volume 10, Issue 4

July-August-2024 capsule layers provide robust representation and transformation-invariance by

capturing the spatial relationships and orientation of features. Our model is

designed to address the challenges of traditional convolutional neural networks
Page Number

995932 (CNNs) by introducing capsule layers that encapsulate feature information into

vector forms, allowing for dynamic routing between capsules. This architecture
not only improves the model's ability to handle variations in cancerous tissue
appearance but also enhances interpretability by preserving the instantiation
parameters of detected features. We evaluate DeepCaps on several benchmark
cancer datasets, demonstrating its superior performance in terms of accuracy,
sensitivity, and specificity compared to state-of-the-art methods. Our results
indicate that the combination of feedforward neural networks and capsule
networks provides a more robust and reliable approach for cancer detection,
potentially offering a valuable tool for clinical diagnostics. This research
contributes to the growing body of work in deep learning for medical
applications, paving the way for more advanced and interpretable models in
cancer detection.
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I. INTRODUCTION

Cancer remains one of the leading causes of death
worldwide, with millions of new cases diagnosed each
year. Early detection and accurate diagnosis are critical
for effective treatment and improved patient survival
rates. Traditional methods of cancer detection, such as
biopsy and histopathological analysis, while accurate,
are invasive and time-consuming. With advancements
in medical imaging technologies, non-invasive
methods such as computed tomography (CT), magnetic
resonance imaging (MRI), and digital mammography
have become essential tools in the early detection of
various cancers. However, interpreting these images
requires expertise, and the manual process is often
subject to human error and variability.

The advent of artificial intelligence (AI) and machine
learning (ML) has revolutionized the field of medical
imaging, offering automated, accurate, and
reproducible solutions for disease detection. Deep
learning, a subset of ML, has shown particular promise
in this domain due to its ability to learn complex
patterns and representations from large datasets.
Convolutional Neural Networks (CNNs), a type of deep
learning model, have been widely used for image
classification tasks, including cancer detection. Despite
their success, CNNs have inherent limitations, such as
sensitivity to image transformations and a lack of
ability to capture spatial hierarchies in data.
Feedforward Neural Networks in Medical Imaging
Feedforward neural networks (FNNs), a fundamental
architecture in deep learning, consist of layers of
neurons where connections are unidirectional—from
the input layer to the output layer. FNNs have been
employed in various medical imaging applications,
including cancer detection, due to their
straightforward architecture and ability to model
complex relationships between input features and
output predictions. However, FNNs, including CNNs,
typically treat all features equally and often fail to
capture the hierarchical relationships among features.

This limitation can lead to decreased accuracy,

especially in complex tasks like cancer detection,
where the relative spatial arrangement of features is
crucial.

Moreover, traditional CNNs rely heavily on max-
pooling layers to achieve spatial invariance, which can
lead to a loss of important spatial information. This can
be particularly problematic in cancer detection, where
the precise location and morphology of tumors are
While

modifications and enhancements to CNNs, such as

critical for accurate diagnosis. various
deep residual networks and inception modules, have
been proposed, the fundamental challenges associated
with feature representation and spatial hierarchy
remain inadequately addressed.

Capsule Networks: A New Paradigm

To overcome these limitations, capsule networks were
introduced as an alternative deep learning architecture
that aims to better capture spatial hierarchies and
relationships within the data. A capsule network
consists of capsules, which are groups of neurons that
encapsulate both the probability of a feature's presence
and its various instantiation parameters, such as pose,
texture, and deformation. One of the key innovations
of capsule networks is dynamic routing, an iterative
process that determines how information is passed
between layers. Unlike traditional CNNs, where scalar
outputs are passed forward, capsule networks use
vectors, allowing for a richer representation of the
input data.

Dynamic routing enables capsule networks to model
the part-whole relationships between features, making
them particularly adept at handling variations in
viewpoint and orientation—common challenges in
medical imaging. This makes capsule networks
especially suitable for tasks such as cancer detection,
where the shape and appearance of tumors can vary
significantly across different patients and imaging
modalities. By preserving the spatial relationships and
providing a more nuanced representation of the data,
capsule networks offer a promising solution to some of
the challenges faced by traditional deep learning

models in medical imaging.

Volume 10, Issue 4, July-August-2024 | http://ijsrcseit.com



Keerthana V et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol,, July-August-2024, 10 (4) : 225-232

Hybrid Approach: Combining Feedforward and
Capsule Networks

Given the complementary strengths of feedforward
neural networks and capsule networks, we propose a
hybrid approach, termed DeepCaps, that integrates
these architectures to enhance cancer detection. The
feedforward component of DeepCaps serves as an
initial feature extractor, capturing essential patterns
of the

Subsequently, the capsule component refines these

and reducing the dimensionality data.

features by capturing spatial hierarchies and
relationships, providing a robust and transformation-
invariant representation. This hybrid architecture
leverages the strengths of both models, offering
improved accuracy and robustness in cancer detection.
The integration of feedforward and capsule networks
is expected to address several key challenges in medical
imaging, including the accurate localization and
classification of tumors, handling of variations in
tumor appearance, and reduction of false positives and
negatives. By combining the powerful feature
extraction capabilities of feedforward neural networks
with the spatial awareness and interpretability of
capsule networks, DeepCaps aims to set a new
benchmark in automated cancer detection.
Significance of the Study

The development of DeepCaps represents a significant
advancement in the application of deep learning to
cancer detection. This hybrid model not only aims to
improve diagnostic accuracy but also seeks to provide
a more interpretable and reliable solution for clinical
practice. The ability to capture and preserve spatial
relationships and detailed feature representations is
expected to enhance the model's robustness, making it
more effective across various imaging modalities and
cancer types.

Furthermore, this study contributes to the broader
field of medical imaging and deep learning by
exploring the synergy between feedforward and
capsule networks. By addressing the limitations of
existing methods and introducing a novel architecture,

this research has the potential to influence future

studies and developments in automated disease
detection. The following sections of this paper will
delve deeper into the technical aspects of the proposed
model, its implementation, and its evaluation on

benchmark datasets.

II. RELATED WORKS

Li et al. (2022) proposed a novel multi-scale CNN
architecture combined with attention mechanisms for
breast cancer classification. Their model effectively
captures fine-grained features from mammography
images, demonstrating improved accuracy and
interpretability compared to traditional CNN models.
Wang et al. (2022) introduced a dual-stream network
for lung cancer detection, integrating both 2D and 3D
CNNs. The approach utilizes multi-view CT scans,
enabling the network to better understand the
volumetric nature of tumors and improve diagnostic
performance.

Zhao et al. (2022) developed a deep capsule network
model tailored for histopathological image analysis.
Their work highlighted the capability of capsule
networks to preserve spatial hierarchies and improve
classification accuracy in colorectal cancer detection.
Kumar et al. (2022) presented a hybrid model
combining CNN and Graph Neural Network (GNN) for
skin cancer detection. The model leverages both local
feature extraction and relational information between
different regions of skin lesions, enhancing diagnostic
accuracy.
Liu et al. (2023) focused on a capsule-based
architecture for prostate cancer detection in MRI
images. The model utilized a dynamic routing
algorithm to improve the robustness of tumor
detection under varying conditions and imaging
protocols.

Chen et al. (2023) proposed a transformer-based
approach for early detection of lung cancer. By
employing self-attention mechanisms, the model

effectively captured long-range dependencies in CT
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scans, leading to enhanced feature extraction and
classification.

Gupta et al. (2023) introduced a hybrid deep learning
model integrating residual networks and capsule
networks for multi-class cancer classification. The
model demonstrated superior performance in
distinguishing between different types of cancerous
tissues in histopathological images.

Zhang et al. (2023) developed a novel deep learning
framework combining U-Net and capsule networks for
segmentation and classification of breast cancer in
ultrasound images. The hybrid approach improved the
accuracy of tumor localization and malignancy
classification.

Patel et al. (2023) explored a deep reinforcement
learning-based method for adaptive biopsy in prostate
cancer detection. The model dynamically selected
biopsy sites based on MRI images, optimizing the
detection of clinically significant cancer.

Nguyen et al. (2023) proposed a deep multi-task
learning approach for simultaneous detection and
classification ~of multiple cancer types in
histopathological images. The model's architecture
integrates CNNs and capsule networks, providing a
unified framework for multi-task learning and

improving overall diagnostic accuracy.

ITI. PROPOSED MODEL

The proposed model, DeepCaps, is a hybrid deep
learning architecture that combines the strengths of
Feedforward Neural Networks (FNNs) and Capsule
Networks (CapsNets) for robust cancer detection. The
model aims to leverage the powerful feature extraction
capabilities of FNNs and the advanced spatial
awareness of CapsNets to enhance the accuracy and
interpretability of cancer diagnosis from medical
images. The following sections describe the key
components and architecture of the DeepCaps model

as shown in fig 1.
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Figure 1: Overall Architecture of Proposed Model

1. Input Layer
The input layer receives medical images (such as CT,
MRI, or

dimensions.

histopathological
These

standardize their size, normalize pixel values, and, if

images) of varying

images are preprocessed to

necessary, apply techniques like data augmentation to
improve generalization.

2. Feedforward Feature Extraction

The first stage of DeepCaps involves a series of

feedforward layers designed to extract low-level to

mid-level features from the input images. This stage
consists of:

e Convolutional Layers: Multiple convolutional
layers are applied to capture local patterns and
features, such as edges, textures, and shapes. The
layers are interspersed with non-linear activation
functions like ReLU to introduce non-linearity

and improve model expressiveness.

e Pooling Layers: Max-pooling or average-pooling
layers are used to reduce the spatial dimensions of
the feature maps, enabling the model to learn
hierarchical feature representations and reduce

computational complexity.

These feedforward layers form a deep convolutional
backbone that extracts a rich set of features from the

input images.

3. Capsule Layers

Following the feedforward feature extraction, the
model transitions to the capsule network component.
This component is responsible for capturing spatial

hierarchies and relationships among the features,
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providing a more comprehensive representation of the

input data. The capsule layers consist of:

o  Primary Capsules: The output feature maps from
the convolutional layers are reshaped into primary
capsules. Each primary capsule outputs a vector,
representing different instantiation parameters of
the detected features, such as pose, scale, and

orientation.

e Advanced Capsules: These capsules further refine
the feature representation, considering the spatial
relationships between different parts of the
detected objects (e.g., tumors). The dynamic
routing algorithm is employed to iteratively adjust
the connections between the capsules, ensuring

that the most relevant information is retained.

The capsule layers preserve the spatial structure of the
input data, allowing the model to maintain important
contextual information that may be lost in traditional
CNNs.

4. Dynamic Routing Mechanism

A key feature of the capsule network is the dynamic
routing mechanism. Unlike traditional CNNs, where
information flows in a fixed manner, dynamic routing
allows the model to adaptively route information
between capsules. This mechanism ensures that
higher-level capsules receive input primarily from
lower-level capsules that are most relevant, improving
the model's ability to recognize complex patterns and
relationships.

5. Output Layer

The output layer consists of a set of capsules, each
corresponding to a different class (e.g., benign,
malignant, or normal). The length of the output
capsule vectors represents the probability of the
presence of the corresponding class. For multi-class
classification tasks, a softmax function is applied to the
magnitudes of these vectors to obtain the final class
probabilities.

6. Loss Function

The loss function for DeepCaps is a combination of
margin loss for classification and reconstruction loss for
regularization. The margin loss encourages the correct

the the

reconstruction loss ensures that the model maintains a

classification of input images, while
meaningful representation of the input data. This dual
loss approach helps improve both the accuracy and
robustness of the model.

7. Training and Optimization

The DeepCaps model is trained using backpropagation
with an optimization algorithm like Adam or RMSprop.
The training process involves iteratively updating the
model's parameters to minimize the combined loss
function, ensuring convergence to an optimal set of

weights.

Advantages and Expected Contributions

The DeepCaps model is designed to address several key

challenges in cancer detection:

1. Improved Feature Representation: By combining
feedforward and capsule networks, DeepCaps
captures both low-level and high-level feature
representations, preserving spatial hierarchies and

relationships.

2. Robustness to Transformations: The use of capsule
networks allows the model to be invariant to
various transformations, such as rotation and
scaling, making it more robust to variations in

medical images.

3. Enhanced The

representation in capsule networks provides

Interpretability: vector

additional information about the detected features,
the

interpretable and reliable.

making model's  predictions  more

4. Reduced False Positives/Negatives: The dynamic
routing mechanism ensures that only relevant
information is retained, potentially reducing the
occurrence of false positives and negatives in

cancer diagnosis.

Algorithm DeepCaps
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Input:

- Training dataset D_train (images and labels)

- Testing dataset D_test (images)

- Hyperparameters: learning rate, batch_size,
num_epochs, margin_plus, margin_minus,
lambda_recon, alpha
Output:

- Trained DeepCaps model
1. Initialize network parameters:

- Initialize weights and biases for convolutional
layers

- Initialize weights and biases for capsule layers

- Initialize reconstruction network weights
2. Preprocess data:

- Load and preprocess D_train and D_test

- Normalize images

- Augment training data (optional)

3. Training loop:
For each epoch from 1 to num_epochs:
Shuffle D_train
For each batch in D_train with size batch_size:
- Extract batch images X batch and batch
labels Y _batch
# Forward Pass
1. Perform convolution operations:
For each image x in X_batch:
x_conv = Convolution(x, weights_conv,
biases_conv)
x_pooled = Pooling(x_conv)
2. Apply primary capsules:
For each pooled feature map:
primary_caps_output =
Capsule(x_pooled, weights_capsl)
3. Dynamic Routing:
Initialize routing coefficients c_ij
Repeat until convergence:
- Compute prediction vectors for
advanced capsules
- Update routing coefficients using

softmax

- Compute the output vectors of
advanced capsules
4. Compute predictions:
predictions =
Softmax(advanced_capsules_output)
5. Compute loss:

- Margin loss L_margin:

*

L_margin = Sum over capsules [T_c
max(0, m_plus - |[v_c||)"2 + lambda * (1 - T_c)

max(0,

*

v_c|| - m_minus)"2]
- Reconstruction loss L_recon:
L_recon = Mean squared error between
input x and reconstructed x_hat
- Total loss L_total:
L_total = L_margin + alpha * L_recon
6. Backpropagation:
- Compute gradients for all parameters
- Update parameters using gradients and
learning rate
Print progress (loss, accuracy) for epoch
4. Evaluate model:
For each image in D_test:
- Perform forward pass to get predictions
- Compute performance metrics (Accuracy,
Precision, Recall, F1-score, ROC)
5. Output the trained model
6. Optional: Save the model for future use
End Algorithm

IV. RESULTS AND DISCUSSIONS

Binary separation Background

Binary separation Foreground
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Figure 2: Segmentation of Input Image

RGHAL

Figure 5: Indexing

Self Mapping

Figure 6: Self Mapping

Eoway
Paiameters

Figure 7: Feature Parameters

Performance Metrics
The
comprehensive set of performance metrics, including
Accuracy, Precision, Recall, F1-score, and ROC-AUC,

to assess its efficacy in cancer detection. The results are

DeepCaps model was evaluated using a

summarized as follows:

Accuracy: The DeepCaps model achieved an
accuracy of 92.4% on the test dataset. This
indicates a high level of overall correct

classifications among the images.

Precision: The precision for detecting cancerous
images was 91.8%, suggesting that the model
performs well in identifying positive cases with

minimal false positives.

Recall: The recall rate for cancer detection was
89.5%, reflecting the model's effectiveness in

identifying the majority of actual cancer cases.

F1-Score: The Fl-score of 90.6% represents a
balanced measure of precision and recall,
demonstrating the model's robustness in handling

imbalanced classes.

ROC-AUC: The Receiver Operating
Characteristic - Area Under the Curve (ROC-AUQC)
score was 0.95, indicating excellent performance
in distinguishing between cancerous and non-

cancerous images.
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2. Comparison with Baseline Models

To validate the effectiveness of the DeepCaps model, it
was compared against several baseline models,
including traditional Convolutional Neural Networks
(CNNs) and Capsule (CapsNet). The
comparison results are as follows:

e CNN Baseline: A standard CNN model with

similar architecture (e.g., VGG16) achieved an

Networks

accuracy of 89.2%, a precision of 87.9%, and a
recall of 85.6%. Although the CNN model
performed well, it lagged behind the DeepCaps

model in terms of precision and recall.

o  CapsNet Baseline: The CapsNet model, which
the
feedforward component, achieved an accuracy of
90.5% and an Fl-score of 89.2%. While it
performed better than the CNN model, the

incorporates capsule layers without

DeepCaps model outperformed it due to the
integrated feedforward layers, enhancing feature

extraction and classification.

The superior performance of the DeepCaps model can
be attributed to its hybrid architecture, which
leverages the strengths of both feedforward layers and
capsule networks. The feedforward layers enhance
initial feature extraction, while the capsule layers
improve the model's ability to capture and represent

complex spatial relationships and patterns.

V. CONCLUSION

The

advancement in cancer detection by integrating the

DeepCaps model represents a significant
strengths of feedforward neural networks and capsule
networks. This hybrid architecture leverages the
superior feature extraction capabilities of feedforward
layers and the robust spatial relationship modeling of
capsule networks to enhance the accuracy and
The

experimental results demonstrated that DeepCaps

reliability of cancer detection systems.

achieved an impressive accuracy of 92.4%, surpassing

both traditional Convolutional Neural Networks
(CNNs) and Capsule Networks (CapsNet) in terms of
precision, recall, and Fl-score. This performance
highlights the model's ability to effectively distinguish
between cancerous and non-cancerous images while
maintaining a high level of robustness against false
positives and false negatives. The incorporation of
dynamic routing mechanisms within the capsule
network has proven instrumental in improving feature
representation and classification performance. By
iteratively refining predictions and adjusting coupling
the

information across different levels of abstraction,

coefficients, model effectively aggregates
resulting in more accurate and reliable cancer
detection. The reconstruction loss used in the
DeepCaps model further contributes to its robustness
by ensuring that detailed spatial information is
preserved throughout the detection process. This
addition not only helps in mitigating overfitting but
also enhances the generalizability of the model to

unseen data.
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