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Conditions affecting the heel bone, such as heel spurs and sever’s disease, pose significant 
challenges to patients’ daily activities. While orthopedic and traumatology doctors rely on foot 
X-rays for diagnosis, there is a need for more AI-based detection and classification of these 
conditions. Therefore, this study addresses this need by proposing MedcapsNet, a novel hybrid 
capsule model combining modified DenseNet201 with a capsule network, designed to accurately 
detect and classify heel bone diseases utilizing lateral heel x-ray foot images. We conducted a 
comprehensive series of experiments on the proposed hybrid architecture with several datasets, 
including the Heel dataset, Breast BreaKHis v1, HAM10000 skin cancer dataset, and Jun Cheng 
Brain MRI dataset. The first experiment evaluates the proposed model for heel diseases, while 
the other experiments evaluate the model on a range of medical datasets to demonstrate its 
performance over existing studies. On the heel dataset, MedCapsNet achieves an accuracy of 
96.38%, AUC of 98.35% without data augmentation, cross-validation accuracy of 95.69%, and 
AUC of 98.87%. The proposed model, despite employing a fixed architecture and hyperparameters, 
outperformed other models across four distinct datasets, including MRI, X-ray, and microscopic 
images with various diseases. This is notable because different types of medical image datasets 
typically require different architectures and hyperparameters to achieve optimal performance.

1. Introduction

Diseases affecting the heel bone can make it challenging for patients to carry out their daily activities. Typically, patients visit 
orthopedic and traumatology doctors who examine their foot X-ray images and diagnose the disease before recommending suitable 
treatments. The most common heel bone diseases are heel spur and Sever’s disease [1]. While the heel spur, shown in Fig. 1a, is the 
most frequent bony exposure on the heel bone, Sever’s disease, shown in Fig. 1b is an inflammation in young people due to excessive 
movement, causing heel pain. While traditionally specialists often rely on foot X-rays for diagnosing these diseases there is a growing 
need for AI-based solutions to enhance the accuracy and efficiency of detecting and classifying these diseases.

Despite extensive research on AI-based disease detection and classification [5–8], there is a notable lack of studies focusing on 
AI approaches for diagnosing heel bone diseases. Therefore, this paper aims to address this gap by utilizing Heel dataset [30] of 
3956 lateral foot X-ray images and presenting a hybrid CapsNet model, MedCapsNet, designed to detect and classify heel bone 
diseases accurately. The hybrid model integrates a modified DenseNet201 with the original CapsNet architecture for detecting and 
classifying heel bone diseases without relying on data augmentation. The modifications made to the DenseNet201 architecture reduced 
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Fig. 1. Heel Spur and Sever disease adapted from [2].

the number of used hyperparameters and simplified the model. As a result, the modified architecture exhibits improved training 
efficiency, especially when dealing with smaller datasets and images with complex features, thereby eliminating the necessity for 
data augmentation.

5-fold cross-validation was used to train the model and the results show high accuracy of 95.69% and ROC AUC 98.87% for the 
heel dataset. Additionally, the proposed model for diagnosing heel diseases was evaluated by comparing its performance with various 
capsule models. Then, the model was tested on diverse medical datasets to demonstrate its superiority over existing methods. The 
results of the initial experiment indicated that current models, with their existing architectures and parameters, perform poorly on 
Heel dataset. In the second experiment, the proposed model consistently outperformed the other models across different types of 
images and diseases, without necessitating any changes to its architecture or hyperparameters.

The contributions of this study can be summarized as follows:

1. Proposing an improved capsule network that integrates a modified DenseNet201 with the original architecture, creating a model 
for detecting and classifying heel bone diseases without relying on data augmentation.

2. Using YOLO v8 on a Heel dataset to automatically detect regions of interest (ROIs).
3. Comparing the performance of the proposed hybrid model with other similar models and conducting an evaluation on heel 

dataset.
4. Providing detailed results of the model’s performance on four medical datasets with measurements of 5-fold cross-validation 

accuracy.

2. Related work

Several research studies have shown that the original capsule network model lacks consistent performance across different datasets. 
It was originally designed and executed on the MNIST dataset, where pixels are represented by 0 and 1. However, this dataset has 
characteristics that are significantly different from other datasets [3,4]. Therefore, researchers have presented studies and proposals 
to enhance the performance of the original capsule network model by incorporating convolutional network models to increase the 
level of accuracy by strengthening the pre-capsule layers responsible for extracting features from the input.

DenseCapsNet [5], a hybrid CapsNet model, detects and classifies COVID-19 in 750 chest radiographs by integrating standard 
DenseNet121 and CapsNet. Since CapsNet, like a deep neural network, is weak in extracting deep features from images with complex 
features. The results indicate that our model achieved an accuracy of 90.7% and an F1 score of 90.9%. Additionally, the model 
demonstrated a sensitivity of up to 96% for detecting COVID-19. While the model has achieved a high accuracy, it is essential to note 
that this achievement was facilitated using data augmentation techniques in the dataset. Here, the integration of standard pre-trained 
models is insufficient to improve CapsNet to work without data augmentation.

DenseCaps [6], a capsule model network architecture based on the dense connections method, improves the processing of complex 
datasets at the capsule level by using cross-capsule feature concatenation, inspired by DenseNet’s cross-layer feature concatenation. 
The accuracy of the model has been tested on well-known datasets, achieving 99.70% accuracy for MNIST, 94.93% for Fashion-MNIST, 
89.41% for CIFAR-10, and 95.99% for Street View House Numbers (SVHN). These datasets contained many images; therefore, no 
data augmentation was required. Consequently, the model may not provide high accuracy for smaller datasets.

ResCaps [7] applies to the classification of papillary thyroid cancer and uses a residual module instead of a CNN layer in CapsNet 
to make the capsule more efficient with complex medical images, including 1956 training and 424 test images. The ResCaps network 
model improved classification accuracy to 81.06%. When they applied CNNCaps to the same dataset, they achieved an accuracy rate 
of 79.17%.

VGG-CapsNet [8], combines VGG-16 with CapsNet to enhance the performance and increase the accuracy and efficiency of lung 
cancer classification using CT images by leveraging the strengths of both CNNs and Capsule Networks. The study compared the 
performance of VGG-CapsNet with other models utilizing LIDC-IDRI and Kaggle datasets. The experimental results for the LIDC-IDRI 
datasets, VGG-CapsNet, achieves a high Area Under the Curve (AUC) of 0.980 and an F1-Score of 98.61%. The precision, recall, 
specificity, and accuracy are reported as 99.07%, 98.16%, 99.07%, and 98.61%, respectively. For the Kaggle datasets, the precision, 
specificity, accuracy, AUC, and F1-Score are reported as 98.14%, 99.16%, 98.07%, 0.98, and 98.14%, respectively.

The IRCM-Caps [9] model combines the strengths of convolutional neural networks (CNN) and capsule networks (CapsNet) for 
the detection of COVID-19 using X-ray images. Additionally, it integrates an attention mechanism module alongside a multi-branch 
2

lightweight module to enhance the model performance. They utilize the Contrast Adaptive Histogram Equalization (CLAHE) algorithm 
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Table 1
Summary of results from related works.

Model Dataset/Task Accuracy (%)

DenseCapsNet [5] COVID-19 detection in chest radiographs 90.7
DenseCaps [6] MNIST,

Fashion-MNIST,
CIFAR-10,
SVHN

99.70,
94.93,
89.41,
95.99

ResCaps [7] Papillary thyroid cancer classification 81.06
VGG-CapsNet [8] Lung cancer classification 98.61
IRCM-Caps [9] COVID-19 detection in X-ray images 99.00,

93.00
S-VCNet [10] Lumbar spondylolisthesis diagnosis 98.00
Ensemble Model [11] Skin cancer detection 93.50
RNNinCaps [12] 3D vertebral image recognition 46.2 better than

original CapsNet.
XCapsNet [13] Diabetic retinopathy diagnosis 83.06, 98.33
FixCaps [14] Skin cancer diagnosis 96.49
BoostCaps [15] Brain tumor classification 92.45
Res2Net+Caps [23] BreakHis dataset 95.6

to preprocess the images and enhance image contrast. The model is evaluated using a test dataset consisting of 1200 X-ray images, 
including 400 COVID-19 cases, 400 viral pneumonia cases, and 400 normal cases. The experimental results demonstrate that the 
accuracy of the IRCM-Caps model is 0.99% while the CapsNet accuracy is 0.93%.

S-VCNet [10], a hybrid VGG and CapsNet, improves the accuracy of diagnosing lumbar spondylolisthesis identification in X-ray 
images. In this study, a total of 466 private radiographs were used. Among them, 186 images were of a spine with spondylolisthesis, 
while 280 images depicted a normal spine. The proposed model was evaluated and compared to other approaches to diagnose lumbar 
spondylolisthesis. The results demonstrate that our model overcoming in the performance of other models and achieves an accuracy 
of 98%. Ensemble Model [11], a skin cancer detection method, combines VGG, CapsNet, and ResNet to enhance detection accuracy. 
The study utilized the ISIC (International Skin Imaging Collaboration) dataset, comprising 25,000 skin sample images across various 
categories. However, the study focuses on binary classification, utilizing 3,000 malignant and 2,800 benign images. Experimental 
findings demonstrate that the combined model surpasses individual learners, achieving an accuracy of 93.5%. In comparison, the 
standalone accuracies of CapsNet, ResNet, and VGG models are 75%, 79%, and 69%, respectively.

RNNinCaps [12] integrates a modified CapsNet with an RNN module for recognizing 3D vertebral images, trained on a dataset com-
prising 4,000 such images alongside CIFAR-10. Its performance is compared with various models including CNN, CapsNet, Baseline-1, 
and Baseline-2, all trained on the same dataset, demonstrating superior accuracy over the other models.

XCapsNet [13] is a deep learning model combining Xception and Capsule networks to improve the accuracy and efficiency of 
diagnosing diabetic retinopathy (DR) from fundus images. On the APTOS2019 dataset, the method achieves a classification accuracy 
of 83.06% for multiclass classification and 98.91% for binary-class classification of DR images, while on the Messidor dataset, it 
achieves an accuracy of 98.33% for classifying fundus images into DR and Normal classes, overcoming existing methods in terms of 
both accuracy and efficiency.

FixCaps [14] is another improved capsule network for classification of dermoscopic images in skin cancer diagnosis. It improves 
detection accuracy and reduces computational complexity by using a high performance large kernel convolution layer with a kernel 
size of [31 x 31] instead of the commonly used [9 x 9] to incorporate a larger receptive field compared to traditional capsule 
networks. Experimental results show that FixCaps demonstrates superior performance compared to existing methods, including IRv2-
SA, a leading model for dermatoscopic image classification. On the HAM10000 dataset, FixCaps achieves an accuracy of 96.49%. 
This exceeds the performance of IRv2-SA.

BoostCaps [15] is the first capsule network model to incorporate a boosting approach and takes uses both images of the brain and 
rough boundary boxes of the tumor as input, allowing access to both the primary target and the surrounding tissue. It incorporates 
an internal boosting mechanism to gradually boost weak learners and eliminate the need for an exhaustive architecture search. 
The performance of BoostCaps classification using the Jun Cheng brain dataset achieved an accuracy of 92.45%, outperforming the 
original capsule model’s accuracy of 89.83%.

Khikani et al. [23] introduced an advanced capsule network for breast cancer classification using histopathologic images. The 
model integrates a Res2Net block and four additional convolutional layers for multi-scale feature extraction and parameter reduction. 
The model, trained and tested to evaluate it on the BreakHis dataset, achieved a promising accuracy of 95.6% and recall of 97.2%, 
outperforming previous methods. Notably, the research used augmentation techniques such as rotations and flips to increase the 
dataset size so as to improve the performance, suggesting a reliance on augmentation for optimal results, particularly on smaller 
datasets.

The above-mentioned studies demonstrate different approaches to improving capsule network performance by using various 
network architectures, combining pretrained models, utilizing attention mechanisms, and incorporating boosting techniques. Table 1
3

summarizes the results of this work.
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Fig. 2. Original Capsule Network Structure [16].

3. Methods and materials

3.1. Capsule network

The original Capsule network overcomes inherent shortcomings in CNNs, providing a new approach to object representation and 
recognition. Capsule network focuses on the effective representation of objects or object parts through the utilization of activity 
vectors. These vectors leverage the length to signify the existence of an entity and the orientation to encapsulate the construction 
parameters of objects [16]. A pivotal aspect of capsule networks involves ensuring that the output vectors fall from 0 to 1. This is 
achieved by implementing a squashing function, as shown in Equation (1).

𝐯𝑗 =
||𝐬𝑗 ||2

1 + ||𝐬𝑗 ||2
𝐬𝑗

||𝐬𝑗 || (1)

Where the 𝑣𝑗 represents the output vector of capsule 𝑗, and 𝑠𝑗 denotes its total input. For all capsules, apart from the first one, 𝑠𝑗
prediction value, as shown in Equation (2), is the weighted sum of the prediction vector 𝑢̂𝑗 |𝑖 from the preceding capsule. Furthermore, 
the vector of prediction 𝑢̂𝑗 |𝑖 is the product of the output of 𝑢𝑖 from the lower-level capsule and the matrix of weight 𝐖𝑖𝑗 .

𝐬𝑗 =
∑
𝑖

𝑐𝑖𝑗 𝐮̂𝑗|𝑖, 𝐮̂𝑗|𝑖 =𝐖𝑖𝑗𝐮𝑖 (2)

Described model, the coupling coefficient, denoted as 𝑐𝑖𝑗 , plays a crucial role and is established through an iterative dynamic 
routing procedure. Specifically, these coupling coefficients, governing the connection strength between a lower-level capsule 𝑖 and 
all subsequent higher capsules, are constrained by the SoftMax function to collectively sum to 1. The initial probability link between 
capsule 𝑖 and capsule 𝑗, represented as 𝑏𝑖𝑗 , is a key factor in determining these coupling coefficients and is an integral part of the 
model’s equation (Equation (3)).

𝑐𝑖𝑗 =
exp

(
𝑏𝑖𝑗

)
∑

𝑘 exp
(
𝑏𝑖𝑘

) (3)

The initial probability, which evolves in tandem with the weights during the learning phase, is contingent on the relative position 
and characteristics of the two capsules, rather than being solely influenced by the current input image. Subsequently, the initial 
coupling coefficient undergoes adjustments that mirror the alignment between the current output of the higher-level capsule 𝐯𝑗 and 
the prediction emanating from capsule 𝑖, represented as 𝐮̂𝑗∣𝑖 .

Capsules engage in communication through a dynamic routing algorithm, facilitating a collective consensus on the presence of 
distinct features and establishing hierarchical relationships among object parts. The previously elucidated consistency is quantified 
by a scalar value denoted as 𝑎𝑖𝑗 , computed as the dot product of vectors 𝑣𝑗 and 𝑢̂𝑗 normalized by |i. This calculated value is then 
added to 𝑏𝑖𝑗 to ascertain the updated coupling coefficient.

The architectural configuration of the original capsule network, as illustrated in Fig. 2, is structured as follows: The initial layer 
involves a Conv2D operation utilizing 256 filters with a [9 × 9] kernel size and a 1-dimensional stride. The activation function 
employed is Rectified Linear Unit (ReLU), resulting in feature maps of dimensions [20 × 20 × 256]. Subsequently, a convolutional 
layer is followed by the primary capsule layer, incorporating 256 filters with [9 × 9] convolutional kernels and a stride of 2. This 
produces 32 channels of convolutional output with 8-dimensional capsules. The outcomes of the primary capsule layer manifest as 
[6 × 6 × 32] outputs, with each of the 32 units containing an 8-dimensional output capsule.

The third layer contains the digit capsule layer, fully connected to all capsules in the layer beneath. This layer contains 10 capsules, 
each dedicated to a specific digit. Every capsule within this layer features a 16-dimensional vector, accepting input from lower level 
layers of capsules and performing image classification. The concluding layer computes the magnitude of each capsule, indicating the 
likelihood of the entity’s presence and thereby representing the probability of the classification outcome.

Extending beyond the classification layers, three fully connected reconstructing layers, referred to as the reconstruction loss, are 
added. These layers constitute a decoder network aimed at reconstructing inputs from the 16-dimensional capsule outputs. The first 
4

two layers contain 512 and 1024 units, respectively, employing the ReLU activation function, while the last layer contains 784 units, 
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Fig. 3. The 5-layer depicts a dense block that has a growth rate of 4 (k=4). In this block, every layer receives input from all the feature-maps generated by the 
preceding layers. [17].

consistent with the [28 × 28] input dimensions, and employs the sigmoid activation function to generate reconstructed images. It is 
important to highlight that a custom loss function is employed during training to ensure that the length of the instantiation vector of 
the correct capsule approximates 1, while the lengths of other vectors approach 0, given the binary nature of the inputs.

3.2. DenseNet201 model

DenseNet [17] optimizes information flow between layers by feed forwarding each layer to every other layer. Unlike traditional 
architectures, it utilizes dense connectivity patterns and feature reuse, resulting in improved gradient flow, reduced vanishing-gradient 
problem, and parameter efficiency. Each layer is connected to all other layers with matching feature-map sizes. The layer receives 
inputs from all preceding layers and passes its feature-maps to subsequent layers. The features are concatenated instead of summed, 
enabling the network to have L(L+1)/2 connections in an L-layer network. DenseNets uses a growth rate greater than 1 to enable 
dense connections between layers, giving each layer direct access to a rich set of feature maps from preceding layers. Fig. 3 displays 
the connectivity pattern of the 5-layer dense block with a growth rate of 4 (k=4). Each layer in the block receives input from all the 
feature-maps generated by the preceding layers. The subsequent layers (H2, H3, H4) take all preceding feature maps (x0, x1, x2) as 
inputs and produce their own set of feature maps.

3.3. Proposed hybrid capsule network

The original CapsNet was initially developed and tested on the MNIST dataset, primarily composed of binary handwritten images 
[16]. This dataset has unique characteristics; it consists of binary pixels represented by values of 0 and 1. The dissimilarity between 
this dataset and medical images is not limited to their pixel representation but extends to the rich features and higher image quality 
inherent in medical images. In addition, unlike MNIST, medical datasets are often characterized by variations in the number and 
size of images, presenting a more complicated and diverse dataset composition [18]. The original capsule network was shown to be 
incompatible with medical datasets due to differences between these datasets and MNIST, particularly in terms of characteristics, 
number, size, and feature complexity. In particular, the increased complexity of pixel information in medical datasets with a relatively 
small number of images required a design adjustment of the capsule network to adapt to the unique characteristics of medical images. 
Although the original DenseNet201 model performs well in feature extraction, integrating it with the Capsule Network without modi-
fications did not achieve the expected success and relied on data augmentation. Therefore, to overcome these challenges, we decided 
to enhance the feature extraction capabilities by combining modified DenseNet201 with the Capsule Network. This complementary 
approach aims to leverage the strengths of both architectures: the effectiveness of modified DenseNet201 in capturing hierarchical 
features from image data and the unique ability of capsule networks to handle spatial hierarchies. As seen in Fig. 4, this new hybrid 
architecture yields high accuracy without requiring any data augmentation techniques or a large dataset. The modifications are as 
follows:

1. Dense Block: The dense_block remains functionally the same in both the original DenseNet201 and the modified DenseNet model, 
5

except for differences in the number of hyperparameters and calling the function as described in the last point. The architectural 
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Fig. 4. Proposed hybrid capsule network architecture.

design includes a dense block composed of multiple densely connected blocks. Each layer within the dense block establishes feed-
forward connections with all other layers, resulting in a dense connectivity pattern. This connectivity enhances the efficiency of 
information flow and facilitates gradient propagation throughout the network, enhancing the model’s ability to capture complex 
patterns and features.

2. Dense Layer: In the original DenseNet201 architecture, the dense_layer function includes batch normalization, ReLU activation, 
and a single convolutional layer. However, in the modified architecture, the dense_layer consists of two Conv2D layers with 
different filter sizes to capture diverse and complex image features. A dropout layer is added to improve performance and avoid 
overfitting. The “he_normal” kernel initializer is used to effectively handle images with complex pixel patterns. This initializer 
addresses the limitation of using a standard normal distribution for weight initialization in conjunction with the ReLU activation 
function. The “he_normal” initializer draws samples from a truncated normal distribution centered at 0 with a standard deviation 
of 𝜎 =

√
2∕𝑛, where n denotes number of input units in the weight tensor [19]. By incorporating these adjustments, the modified 

DenseNet201 architecture aims to improve the model’s ability to capture complex image features while addressing overfitting 
concerns.

3. Transition Layer: In the original DenseNet201 architecture, the transition_layer function is used to reduce the number of filters, 
which is achieved through a series of exciting operations including convolution, batch normalization, and activation followed by 
global average pooling for feature map pooling followed by global average pooling for subsequent pooling of the feature maps. 
On the other hand, in the modified DenseNet201 architecture, BatchNormalization is replaced with dropout, and GlobalAver-
agePooling2D is substituted with MaxPooling2D, enhancing the model’s performance and adaptability to the task at hand.

4. Two convolutional blocks were added before feeding the input data into the DenseNet architecture. Each block is made up of two 
convolution layers: Conv1 and Conv2. Conv1 uses [3 ×3] kernel size, “same” padding, and “normal” kernel initializer, producing 
an output filtered with 64 channels for block1 and 128 channels for block2. After Conv1, a dropout layer is applied with a rate of 
0.2 for block1 and 0.3 for block2. Next, Conv2 is applied with the same settings as Conv1, resulting in an output of 128 channels. 
Lastly, a MaxPooling2D layer with a kernel size of [2 × 2] is used to complete the blocks. These preliminary blocks serve as 
an initializer for the input to the DenseNet network, making it easier to receive normalized inputs with enriched feature maps 
instead of raw inputs.

5. As a final step, the original DenseNet201 architecture contains four blocks, each consisting of a different number of filters (6, 12, 
32, 48) and a growth rate of 32, with a calling transition layer in each block iteration. However, the modified model contains 
only one block with two filters and a growth rate of 4. After the dense_block layer, a transition layer was introduced as the last 
layer of the modified DenseNet and input to the primary capsule.

As a result, the modifications made to the DenseNet201 architecture reduced the number of used hyperparameters and simplified 
6

the model. Consequently, the modified architecture demonstrates improved training efficiency, particularly when handling smaller 
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Table 2
Classes in the dataset.

Classes Number of 
Image

Normal 1,842
Heel spur 1,316
Sever 798

Fig. 5. Bounding-boxes for three different samples.

datasets and complex images with features, eliminating the need for data augmentation. These modifications improve performance 
while reducing the potential for overfitting. By reducing computational requirements and optimizing the model’s ability to capture 
complex image patterns, the modified DenseNet201 architecture might provide a practical and effective solution for various image 
recognition tasks.

4. Experiments and results

We conducted a series of experiments on the proposed hybrid architecture with several datasets, including lateral X-ray foot image 
dataset (Heel dataset) [30] Breast_BreaKHis_v1, HAM10000 skin cancer dataset, and Jun Cheng Brain MRI dataset. Additionally, we 
used 100 epochs in each experiment to monitor the training and loss values in each iteration. All experiments were conducted using 
Google Colab environments, which included Python v3 as the runtime type, high RAM, and T4 GPU as the acceleration hardware. 
The performance results show that the model can achieve high accuracy with small and large medical image datasets. We explain 
each experiment according to the dataset used as follows.

4.1. MedcapsNet on heel dataset

The X-ray images dataset [30] contains three distinct classes: the “normal” class contained 1,842 images, the “heel spur” class 
contained 1,316 images, and the “severe” class contained 798 images, as given in Table 2. Thus, the dataset contained a total of 3,956 
images. To facilitate disease identification in the heel bone images and to optimize network efficiency by excluding irrelevant areas, 
a bounding box method was used to create the region of interest (ROI).

The labelImg v1.8.6 software is used for bounding-box and annotation of the ROI. Fig. 5 shows samples of annotated X-ray images. 
Additionally, we save all the information of ROI in the comma-separated values (CSV) file. The CSV file contains the information of 
bounding-box, image name, xmin, ymin, xmax, ymax and label.

Before integration into the experimental setup, all images underwent preprocessing steps, including cropping to the ROI and 
subsequent rescaling to dimensions of [64 × 64]. Given the imbalanced distribution of images across dataset classes, data balancing 
techniques, specifically oversampling, were applied to achieve a more balanced representation. We increased the number of instances 
in minority classes to match the number in majority classes to balance the dataset. In this study, the oversampling process was done 
by using the RandomOverSampler algorithm, which randomly duplicates samples in the minority class, from imblearn.over_sampling 
library. Consequently, the initial number of images was increased from 3,956 to 5,526 for balancing.

We have implemented original CapsNet [16] Res2Net+Caps [23], FixCapsNet [14], and BoostCaps [15] models according to the 
descriptions in their respective papers. To ensure the correct implementation of the existing models, we first trained the models using 
the datasets that employed in their studies. After achieving results consistent with those reported in the papers, we proceeded to train 
the models with heel dataset.

Table 3 shows the model accuracy values of original CapsNet, and the other capsule networks compared with MedCapsNet on the 
heel dataset. In our implementation, while original CapsNet showed an accuracy of 73.99%, Res2Net+Caps showed an accuracy of 
34.81%, and FixCapsNet showed an accuracy of 73.33% on heel dataset. Regarding BoostCaps in [15], we encountered difficulties 
in method implementation due to some of the architecture components and parameters not being clearly specified.

MedCapsNet demonstrated 96.38% accuracy, as shown in Figs. 6a (Left) and (Right). Furthermore, the AUC score is 98.27%, as 
demonstrated in Fig. 6b (Right), along with the corresponding confusion matrix in Fig. 6b (Left).

Furthermore, we implemented 5-fold cross-validation method on MedCapsNet. The full heel dataset of 5526 images has been 
7

splitted into 70% for training and 30% for testing. For training the model we used the part of 70%, while for the evaluation of model 
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Table 3
Results in comparison with base and re-
cent capsule network models for Heel 
dataset.

Architecture Accuracy

Original CapsNet [16] 73.99%
Res2Net+Caps [23] 34.81%
FixCaps [14] 73.33%
BoostCaps [15] -
MedCapsNet 96.38%

Fig. 6. Accuracy, loss, confusion matrix, and auc curve results for Heel dataset.

performance we used the part of 30% which splitted for the test and never exposed to the model training, also not the part that 
k-fold that splitting it for internal evaluation in iterations steps. The result shows the model performance evaluation done by cross 
validation accuracy 95.69% as shown in Figs. 7a (Left) and (Right) and ROC AUC 98.87% as demonstrated in Fig. 7a (Right), along 
with the corresponding confusion matrix in Fig. 7a (Left).

4.2. MedCapsNet on various medical datasets

We evaluated the performance of MedCapsNet for various medical datasets to demonstrate its superiority compared to existing 
studies. For this, we tested the model on the datasets used by the studies in the related work section and compared the results. 
The evaluation results of their performances are given in the Sections 4.2.1, 4.2.2, and 4.2.3. In these experiments, the 5-fold cross-
validation method was implemented using the kf.split algorithm to evaluate the performance, and the full data was split into 80% for 
training and 20% for testing. Table 4 presents the cross-validation accuracy results of MedCapsNet across various datasets, comparing 
its performance with accuracy of the other models.

4.2.1. MedCapsNet with Breast_BreaKHis_v1 dataset
The BreakHis dataset, known as the Breast Cancer Histopathological Image Classification, is a collection of 9,109 microscopic 

images of breast tumor tissue. These images were obtained from 82 patients and were captured at various magnification scales, 
8

namely 40X, 100X, 200X, and 400X. The dataset consists of 2,480 benign samples and 5,429 malignant samples. Each image has 
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Table 4
Results in comparison for various medical datasets with MedCapsNet vs. other mod-
els.

Dataset MedcapsNet Other Models
(5-fold CV Accuracy) (Accuracy)

BreakHis_v1 [20] 98.40% 
(without augmentation)

Res2Net+Caps [23]: 95.6% 
(with augmentation)

HAM10000 [21] 98.29% FixCaps [14]: 96.49%
Jun Cheng [22] 97.67% BoostCaps [15]: 92.45%

Fig. 7. Cross-validation accuracy, loss, confusion matrix, and auc curve results for Heel dataset.

dimensions of 700 x 460 pixels and is represented in RGB color space with 3-channel information. The pixel depth in each channel 
is 8 bits and the images are stored in PNG format [20]. This experiment used a small subset of images from a breast cancer dataset, 
consisting of 1000 images rescaled to [65 × 65] pixels and converted to 1 color channel in grayscale mode. 800 images were used for 
training, while the remaining 200 images were used to test the performance with a limited sample size. The experiment yielded a 
5-fold cross-validation accuracy of 98.40% and an AUC of 98.96% as demonstrated in Figs. 8a (Left) and 8b (Right), along with the 
corresponding confusion matrix in Fig. 8b (Left). Our proposed model demonstrates superior performance with a small sample of the 
dataset without using data augmentation compared to the model presented in [23], which achieved an accuracy of 95.6% using data 
augmentation.

4.2.2. MedCapsNet with HAM10000 dataset
The HAM10000 dataset, provided by the Harvard Dataverse Organization, addresses the limited size and diversity of existing 

dermatoscopic image datasets for training neural networks in the diagnosis of pigmented skin lesions. It consists of 10,015 dermato-
scopic images collected from different populations and acquisition modalities. The dataset covers important diagnostic categories 
such as melanoma, basal cell carcinoma, and benign keratosis-like lesions [21]. The dataset is provided in 3 color channels on which 
the proposed model was trained in RGB mode. In addition, since the provided dataset is imbalanced, the oversampling method has 
been used to balance the dataset and also make the training number of images in large numbers, including 37548 images. In this 
9

experiment, the oversampling process was conducted in accordance with the methodology outlined in Section 4.1.
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Fig. 8. Results for BreakHis dataset.

The result shows the high performance of the model, achieving cross-validation accuracy for 5-fold of 98.29%, given in Fig. 9a, 
and AUC of 99.00% as demonstrated in Fig. 9b (Right), along with the corresponding confusion matrix in Fig. 9b (Left). Our proposed 
model shows superior performance compared to the model presented in [14], which achieved an accuracy of 96.49%.

4.2.3. MedCapsNet with Jun Cheng brain MRI dataset
The brain tumor dataset has 3064 images representing three different categories of brain tumors: meningioma, glioma, and 

pituitary tumor published by Jun Cheng [22]. The provided dataset was imbalanced; therefore, oversampling was used to balance 
three classes. The total number of images after balancing is 4246. The proposed model was trained on the dataset with [64 × 64]
image size in 3 channel RGb mode. The result shows the high performance of the model, achieving cross-validation accuracy for 
5-fold of 97.67%, given in Fig. 10a, and AUC of 99.80% as demonstrated in Fig. 10b (Left), along with the corresponding confusion 
matrix in Fig. 10b (Right). Our proposed model achieved a higher accuracy than the boosted capsule network presented by [15], 
which reported an accuracy of 92.45%.

It’s important to note that we couldn’t compare our study to all cited studies in the “Related Work” section because they relied on 
proprietary datasets that are unavailable online. For instance, regarding the models of DenseCaps in [5] and DenseCapsNet in [6], 
we couldn’t do comparison due to the model in [5] using a private Covid-19 dataset which is not accessible online. While the model 
in [6] using Street View House Numbers (SVHN) images which is not a medical images dataset and it may give good results with 
medical images or may not.

5. Discussion

Table 3 in Section 4.2 provides a comprehensive comparison of the performance of the proposed model with that of other models. 
From the results, we can infer that the existing models do not perform well on heel datasets with their current architectures and 
parameters. In contrast, our proposed model achieved a higher performance than the other models, without needing a different 
architecture and hyperparameters for each type of image and disease.

Our results suggest that the original CapsNets may have weak performance on medical images for two reasons. First, the original 
10

CapsNets have limited convolutional layers, which may need to be revised for effective feature extraction from complex images. 
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Fig. 9. Results for HAM10000 dataset.

Therefore, increasing the depth of the convolutional layer can significantly improve the classification accuracy. Second, the standard 
kernel initializer used for the ReLU activation function may not perform optimally for images with complex pixels. To address this, 
we utilized the kernel initializer of “he_normal”, which is help to initializes the weights by drawing samples from a truncated normal 
distribution centered at 0 with a standard deviation of 𝜎 =

√
2∕𝑛, n is representing the number of input units in the weight tensor [19]. 

This technique addresses the vanishing/exploding gradient problem by utilizing the he_normal weight initialization in a modified 
DenseNet. The proposed initialization strategy enhances gradient flow, thereby aiding the convergence and training of deep rectified 
models, resulting in improved performance on complex medical images by mitigating this problem.

Placing a modified DenseNet201 before the capsules provides several benefits, including the following:

• First, it allows more robust and discriminative features to be extracted from the input data. This improvement in feature extraction 
contributes to improved accuracy by providing more relevant information for subsequent processing.

• Second, the architectural changes in the dense network facilitate the establishment of a structured representation of features. 
This allows the network to capture hierarchical relationships within the input data, effectively encapsulating spatial relationships 
and compositionality of objects. As a result, the network achieves better accuracy by leveraging these relationships after passing 
them to the capsule network.

• Third, the integration of the modified DenseNet201 adds increased non-linearity to the network. This increased non-linearity 
allows the network to detect and represent more complex patterns from the input images. By capturing these complex patterns, 
the network is better equipped to handle the complexity present in medical images.

• Finally, the modified architecture serves as a form of regularization. Techniques such as dropout and max-pooling2D reduce 
overfitting and facilitate better generalization to unseen data. Regularization helps prevent the network from relying too heavily 
on specific features or patterns during training, thereby improving its ability to learn and generalize from complex patterns in 
the data.

Both dropout and batch normalization are regularization techniques whose effectiveness can depend on the specific task, the 
architecture of the model, and other hyperparameters [24]. Replacing batch normalization with dropout improved the performance 
of our proposed model. The experiments conducted here could be supported by [15] which have also reported improvements when 
11

employing dropout. Replacing GlobalAveragePooling2D with MaxPooling2D also improved the performance of the proposed model 
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Fig. 10. Results for Jun Cheng Brain MRI dataset.

[25]. MaxPooling2D was effective in our case because it involves taking the maximum value from a group of values, typically a 
[2 × 2] window, which compresses multiple feature maps into one, helps to capture the essential feature in a region, and reduces the 
possibility of overfitting, making it robust to small translations and distortions in the input [26–28]. Also, the use of max-pooling can 
be helpful in early layers to capture distinctive local features [29], as the dense network will be the early stage before the capsule 
in our proposed model. A study in [25] compared several methods that generalize max- and average-pooling and found that none 
significantly outperformed standard max-pooling in a classification task.

6. Conclusion

AI-based detection and classification can improve the efficiency and accuracy of diagnosing conditions such as heel spurs and 
Sever’s disease, thereby improving patients’ quality of life. To help diagnose heel spurs and Sever’s disease, we propose MedCapsNet, 
an improved capsule network by integrating a modified DenseNet201 and addressing the limitations of the original CapsNets, we 
improve the accuracy and demonstrate the effectiveness of our method on various medical image datasets. We evaluated our model’s 
performance on various medical datasets to demonstrate its performance on various medical image datasets, including lateral foot 
X-ray images dataset (Heel dataset), Breast_BreaKHis_v1, HAM10000 skin cancer dataset, and Jun Cheng Brain MRI dataset. In 
the first experiment we evaluated MedCapsNet for heel disease detection and classification. The other experiments evaluate the 
model’s performance on various medical datasets to demonstrate its improvements over existing studies. The findings indicated that 
MedCapsNet achieved a higher performance compared to the other models. This was achieved without the necessity for a distinct 
architectural configuration or hyperparameters for each type of image and disease, and the use of any data augmentation. We also 
implemented YOLO V8 for an automated ROI detection in foot X-ray images. These results could contribute to the field of automated 
medical image analysis. In addition, by reducing computational requirements and optimizing the model’s ability to capture complex 
12

image patterns, MedCapsNet might provide a practical and effective solution for various image recognition tasks.
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