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Abstract

In this paper, we present a comparison of four proposed hybrid deep
convolutional neural network models for diabetic foot ulcer (DFU) classification
to discriminate between abnormal (DFU) and normal (healthy skin) classes.
Increasing the depth in single branch deep convolutional neural networks does
not always significantly contribute to their overall performance. It may actually
lead to a drop in performance due to gradient vanishing issue. Therefore, our
proposed models were designed based on the concept of multiple branches
network. Traditional convolutional layers and multi-branch parallel
convolutional layers were combined to design four deep aggregated models. All
four models have six blocks of parallel convolutional layers, but the number of
branches of parallel convolutional layers ranges from two to five. Parallel
convolutional layers have been employed using different filter sizes on the same
input and then concatenated for better feature extraction. To overcome the issues
of overfitting and a small amount of training data, we applied several data
augmentation techniques. The proposed models were trained with original
images first, then with original images plus augmented images, which improved
the performance. We empirically prove that a model with four branches
outperforms models with two, three, or five branches of parallel convolutions in
the task of DFU classification. This model also outperformed the latest DFU
classification methods by achieving an F1 score of 95.8% on the DUF dataset.

Keywords: Classification, Deep convolutional neural network (DCNN), Deep
learning, Diabetic foot ulcer, Multi-branch network.
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1.Introduction

One of the major diabetic complications that influences the lower extremities is
diabetic foot ulcers (DFUs). DFUs can be very dangerous, and diabetics can
develop unknown cuts or wounds on the bottom of their feet if they lack feeling in
them. This can result in open sores, which may lead to infections, possible
amputation of the foot or leg, and even death [1]. Every year, 9.1 to 26.1 million
diabetes patients worldwide develop DFUs [2]. This statistic is based on the 2015
overall occurrence data from the International Diabetes Federation [2]. It was found
that diabetic people had a 15-25% lifespan probability of getting a DFU, with
approximately 85% of them receiving lower limb amputations if they did not get
DFU treatment [3].

Several economical solutions for distant detection and avoidance of DFUs have
been released due to the propagation of information communication technology.
One of these solutions involves the use of automatic intelligent telemedicine
systems, which alongside the available healthcare services, can provide high
quality, efficient, and cost-effective DFU treatment. The last few years have shown
a huge progression in the field of computer vision, mainly in terms of the critical
and complicated issue of recognizing images from numerous domains, like human
motion [4]. More specifically, medical image analysis of the different modalities
has significantly utilized deep learning (DL) and computer vision techniques,
which include ultrasound, dermoscopy, X-rays, CT scans, and MRI [5]. Recently,
computer vision algorithms have expanded to include the evaluation of several skin
conditions, such as DFUs and skin cancer [6, 7].

Many of the contributions associated with computer vision techniques for DFU
classification have been considered by various researchers. In general, it is possible
to derive four classes from these contributions: development of algorithms
constructed based on traditional machine learning techniques and the fundamentals
of image processing, development of algorithms constructed based on DL
techniques, research constructed using several image modalities, and smartphone
applications for DFU classification.

Several researchers have proposed computer vision techniques constructed
using the fundamentals of image processing and methods of supervised traditional
machine learning for wound/DFU classification and detection. More specifically,
these researchers have implemented the segmentation task via extracting colour and
texture descriptors on small pieces of DFU/wound images, then applying traditional
machine learning algorithms to recognize the normality of the skin pieces into
DFU/healthy skin classes [8]. Handcrafted features in conventional machine
learning are generally influenced by image resolution, illumination, and skin
shades. In addition, these techniques have struggled with the segmentation of
irregular wound or ulcer contours.

In contrast, unsupervised approaches depend on clustering algorithms,
morphological operations, and image processing techniques that utilize several
colour spaces to segment wounds from images [9]. One of the techniques for
capturing image data involves using a capture box and was applied by Wang et al.
[10]. They also used support vector machine-based classification with a cascaded
two-stage process to determine the DFU area and presented the super-pixel method
for the segmentation and extraction of DFU features for classification. Although
they demonstrated encouraging outcomes, however, this system did not perform
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well on a large dataset. Unfortunately, the patient needs to place their bare foot in
a straight line with the display of the image capture box, which means the box
cannot be used to collect data. Note that this would not be allowed in healthcare
facilities because of worries related to the control of infection.

Most of these techniques include a manual parameter-tuning process based on
various multi-stage processes as well as input images. This makes the
implementation of these techniques difficult within clinical settings. These methods
have been used on small datasets that ranged from 10-180 images. Generally, the
current novel approaches depend on traditional machine learning techniques and
the fundamentals of image processing, which are not robust because of their
reliance on certain rules and specific assumptions.

In contrast, DL approaches do not need powerful assumptions and have
validated power in DFU segmentation and object localization. By adopting DL
approaches, the completely automatic powerful DFU detection, classification, and
segmentation have been achieved [6, 11, 12]. Numerous contributions have been
made by several researchers on DFU segmentation and classification tasks.
DFUNet is a novel DL model proposed by Goyal et al. [11] for classifying skin
wounds on the foot area into two categories: healthy (normal skin) and DFU
(abnormal skin). Another novel architecture of DL was developed by Wang et al.
[13] to measure wound healing progress. It is based on the encoder-decoder
architecture for executing segmentation and examination of the wound. After that,
in unrelated computer vision techniques research, van Netten et al. [14] presented
a diverse modality known as infrared thermal imaging for DFU detection. They
found that there is considerable variation in temperature between the healthy skin
of the foot and the DFU area and used a heatmap to detect the latter.

For the task of DFU classification, most of the methods used are traditional
machine learning methodologies that are sensitive to different sizes, colours, and
complex shapes. DFU images are very complex and require effective methods to
classify them. DL techniques have become an alternative solution for diagnosis and
overcome the problems of traditional machine learning methodologies. As DL
techniques have so far been underemployed in the classification of DFU images, we
were motivated to design effective and accurate DL models for DFU classification.

The contributions of this study are outlined below:

e Four hybrid deep convolutional neural network models are designed that
aggregate the traditional convolutional layers with six blocks of parallel
convolutional layers along with the global average pooling layer.

e It is empirically proven that the model with four branches of parallel
convolutional layers is superior to the models with five, three, or two
branches of parallel convolutions.

e The performance of DFU classification is enhanced. Our four-branch model
achieved the highest F1 score of 95.8% with augmented data, which
surpasses the state-of-the-art methods used for DFU classification.

o Several data augmentation techniques are employed to address the issues
associated with small datasets.

e A concise review of the state-of-the-art DL methods and the classical
techniques used to classify, detect, and segment DFUs is provided in the
introduction section. Moreover, we review some of the scientific research
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papers that describe the benefits of increasing the width of DL models in the
related work section.

The rest of the paper is organized as follows: Section 2 presents the Related
Work. Section 3 explains the paper methodology. Section 4 reports the results.
Lastly, section 5 concludes the paper.

2.Related Work

DL is a machine learning technique that learns features from data that can involve
text, images, or sounds. In the machine learning discipline, DL represents a recent
and rapidly developing field. It aims to model abstraction from big data by utilizing
multiple-layer deep neural models (DNN), which creates a data sense like texts,
sounds, and images [15]. In general, two properties characterize DL: multiple
layers of nonlinear processing units and unsupervised or supervised learning of
feature presentations within each layer [15].

The first DL development was established in an artificial neural network (ANN)
[15]. ANNs are inspired by biological neural networks, which can be described as
networks of simple processing elements, i.e., neurons. These neurons work together
to find a solution for scientific issues, such as image recognition and object
segmentation. ANNs are considered the basis for DL [16]. The ANN simulated the
object perceptions through connecting the artificial neurons in layers in such a way
that it can extract the object features. In general, ANN improvements have declined
due to their shallow architectures and the restricted computational ability of
computers [17]. The actual influence of DL became obvious in 2006 [18], and since
then, DL has been involved in several disciplines, such as bioinformatics and image
recognition [19, 20]. Another type of ANN is the recurrent neural network (RNN),
which has artificial neurons and behaves in a dynamic manner [21]. RNNs became
an essential tool for processing sequential data [22]. Convolutional neural networks
(CNNSs) were then proposed, which are the reason that behind DL is popular today
[23].

CNNs have worked well in several tasks, such as image classification and object
detection systems [24, 25]. They also led to huge progress in the field of medical
images [5]. CNNs have three main layers [23], which are presented in Fig. 1.
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Fig. 1. A CNN's main layers. Conv = a convolutional
layer, Pooling = a pooling layer, FC = a fully connected layer.

A CNN starts by searching the low-level features (like curves, lines, and
edges) and then constructs further abstract features. The utilization of CNN
techniques has become very attractive and valuable in applications where the
extraction of features is necessary. Before entering the input image into the neural
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network, it passes through a sequence of filters. The filters are trained on input
data rather than having constant numbers in kernels. As the CNN is trained, the
filters’ learning becomes better and better for the related information, so the
parameters of the model are optimized to minimize the loss function. There is
frequently a straight correlation between model performance and the required
amount of data. If the training set is larger, there is a greater variety of data, and
the achieved generalization is better. In the last ten years, several CNN
architectures have been proposed [21, 23].

In 2012, the AlexNet network was presented by Krizhevsky et al. [26]. This was
one of the first networks to perform well on a challenging ImageNet dataset and
significantly outperform previous methods. Three filter sizes (FS) of 11x11, 5x5,
and 3x3 was used in the convolutional layers of AlexNet along with max pooling,
and it was considered to be one of the first significant improvements to CNNSs.
Some of the key improvements were the ReLU activation function to avoid the
vanishing gradient problem and the dropout layer to prevent overfitting.
Furthermore, data augmentation was introduced, which meant that the images fed
to the network were shown with random translation, rotation, and crop. This forced
the network to be more aware of the attributes of the images rather than the images
themselves. Lastly, more convolutional layers were stacked before the pooling
layers, which improved the classification accuracy.

In 2013, The ZFNet network was proposed, which had a similar architecture to
AlexNet but with some small changes [27]. For example, the size of the first
convolutional layer filter was changed to 7x7 with a decreased stride (S) value
rather than the 11x11 kernel used in the initial layer of the AlexNet. Also, ZFNet
used 1.3 million images for training, whereas AlexNet used 15 million images.
Then, in 2014, the VGGNet network was introduced [28], which added layers to
improve accuracy. The VGGNet group applied filters that were only 3x3 in size,
smaller than AlexNet’s 11x11 first-layer filters and ZFNets 7x7 filters.

In 2015, the GoogleNet network was introduced [29], which proposed the use
of parallel convolutions. This network used a filter size of 1x1 in the first layers,
which risked the loss of some of the large features and the creation of a bottleneck.
In 2016, the ResNet network introduced the idea of residual links, which meant the
outcome of every two layers concatenated with the outcome of the previous two
layers, and so on [30]. The ResNets group proposed three versions of ResNet:
ResNet18, ResNet50, and ResNet101. Then, in 2017, the DenseNet network was
proposed, which has entire blocks of layers connected to one another, leading to a
more complex structure [31].

The models mentioned above were trained on the ImageNet dataset, which
consists of nature images rather than medical images. Employing pre-trained
models of ImageNet dataset for medical imaging tasks could not improve the
performance of these tasks due to different learned features domains. It has been
shown that a model trained from scratch can be as good as these models at medical
imaging tasks [32] and that a different domain of transfer learning can slightly
improve performance [20, 33]. In terms of model design, we have studied the
advantages of all the models mentioned above and strived to employ these
advantages (e.g., a dropout layer and parallel convolutions) in our proposed design.
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3. Methodology

This section has three parts looking at the dataset, the data augmentation, and the
proposed models.

3.1. Dataset

We utilized a dataset that has 754 images of patients’ feet [12]. These images were
classified into abnormal (DFU) and normal (healthy skin) classes. The dataset was
collected from the Nasiriyah Hospital’s diabetic center in Iraqg, and ethical approval
and written consent was obtained from all the relevant persons and patients. The
images were cropped to a size of 224x224, which represents the two classes of
normal and abnormal skin patches as shown in Fig. 2. We split the dataset into 80%
for training and 20% for testing.

Fig. 2. Samples from the dataset. The blue square is the
abnormal (DFU) class and the green squares are the normal class.

3.2. Data augmentation

The technique of data augmentation was used to overcome the data limitation and
avoid overfitting. DL models require many training images to perform effectively.
If there are a small number of training images, the parameters of the CNN will not
learn well, which could lead to overfitting. Moreover, collecting large sets of
medical images is costly and hard. We applied several image processing
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techniques: rotating the training images by angles of 45, 90, 135, 180, 225, 270,
and 315 degrees; horizontal and vertical flips; contrast and brightness in degree of
70 and 90 ; zooming in and out of the images; and colour space by isolating a single
colour channel, such as R, G, or B. By applying the augmentation techniques, there
were 18 times more training patches.

3.3. The proposed models

A hybrid CNN model was proposed to enhance significant feature extraction in
DFU classification. It combined the key aspects of CNNs, including parallel and
traditional convolutional layers. At the start of the model, there are sequences of
traditional convolutional layers, which represent the first mode and utilize three
filter sizes (3x3, 5x5, and 7x7). The second mode is parallel convolutional layers,
which utilize multi-convolutional layers with different filter sizes. Parallel
convolutions were employed for multiple levels of feature extraction and because
they are useful for gradient propagation as the error can be backpropagated through
multiple paths.

The proposed model was designed to have better extracted distinctive features
for learning. Six parallel convolution blocks with different numbers of branches in
the parallel convolutional layers were applied in the design. The first model has
two parallel convolutions with two filter sizes of 1x1 and 3x3 at each block. The
second model has three parallel convolutions with three filter sizes of 1x1, 3x3,
and 5x5. The third model has four convolutional layers with four different filter
sizes of 1x1, 3x3, 5x5, and 7x7. The fourth model has five convolutional layers
with five different filter sizes of 1x1, 3x3, 5x5, 7x7, and 11x11.

Overall, we designed four hybrid deep convolutional neural models aggregating
the traditional convolutional layers with six blocks of parallel convolutional layers
and a global average pooling layer.

For the pooling part, we employed a global average pooling layer to reduce the
spatial dimensions of a three-dimensional tensor to a one-dimensional tensor.
Average, minimum, and maximum pooling layers use a sliding window (such as a
size of 2x2 or 3x3) to reduce the size, however, the global average pooling layer
performs a more extreme kind of dimensionality reduction [34], as illustrated in Fig.
3. This layer is more robust to spatial translations and helps to avoid overfitting.

Average Pooling . 25: 44|10 Max Pooling
1223 811418 |33 25144
9 120] €1702 16/34|” (1734

5113(24| 7
Y
Global Average Pooling
16

Fig. 3. Example of the average, maximum,
and global average pooling layers.

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



2008 L. Alzubaidi et al.

The proposed models all have three major parts: the initialization layers; the
parallel convolutional layers, which distinguish the DFU more effectively; and the
global average pooling layer and the fully connected (FC) layers (plus the dropout
layer between the fully connected layers to prevent overfitting). The last layer is
the output classifier, which uses the softmax function. This function is employed to
map the non-normalized output of the model to a probability distribution of the
predicted output classes. It is also more robust to multi-class tasks, which is
beneficial as although we only have two classes, we plan to utilize our model for
different tasks to classify multiple classes.

We chose the proposed model of four branches to get in deep with its details and
other models are changing according to the number of branches. Figure 4 presents
the general structure of the proposed model of four branches, which has 27
convolutional layers and a total number of 100 layers (as described in Table 1 and
Fig. 5). The number of convolutional layers in the other models is based on the
number of branches, as shown in Fig. 5.

Label
Part 2: Parallel Convolutions

Convolution 1
Filter Size: 1x1

D

Convolution 2
Filter Size: 3x3 Part3
Partl Global
Input Image » | Convolutions | | @ »| Average » Output
224x224x3 + — Pooling Classifier
EINBHRELUS Convolution 3 C;n':élcltye d
Filter Size: 5x5

D

Convolution 4
Filter Size: 7x7

Fig. 4. The general structure of the proposed model with four branches.
BN = batch normalization layer, ReLU = rectified linear unit.

e Part 1 (see Fig. 5): This part is the same for all four proposed models. The
size of the input patches was 224x224, and these were taken from regions of
healthy skin and feet with DFU, as shown in Fig. 2. These patches form the
images of the training dataset. This part consists of three convolutional layers
with three different filter sizes of 3x3, 5x5, and 7x7. Each convolution layer
is followed by a batch normalization layer and a rectified linear unit (ReLU)
layer. This part is very important for ensuring that any large crude input
images are decreased in dimensionality before the next part begins.

e Part 2: This part presents the parallel convolutions. A parallel convolutional
filter is mainly a chain of multi-input convolutional filters that permit the
extraction of multi-level features and envelop extra-wide clusters from
similar input. In addition, the convolutions’ design was weighted to generate
differentiated features to highlight every DFU in the images. The six blocks
of parallel convolutions in each model work in parallel, and the outputs are
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then concatenated by the concatenation layer. The first model has two
parallel convolution branches with two filter sizes of 1x1 and 3x3 at each
block, as shown in Fig. 5C. The second model has three parallel convolutions
with three filter sizes of 1x1, 3x3, and 5x5 at each block, as shown in Fig.
5B. The third model has four convolutional layers with four different filter
sizes of 1x1, 3x3, 5x5, and 7x7 at each block, as shown in Fig. 5A.
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Fig. 5. The proposed model with
(A) four branches, (B) three branches, and (C) two branches.
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Table 1. Proposed model architecture
with four branches. C = convolutional layer,

PC = parallel convolutional layer, BN = batch normalization layer,
ReL.U = rectified linear unit, Drop = dropout layer, FC = fully connected layer

Name of layer

(FS) and (S)

Activations

Input layer

FS=3x3,

224 x 224 x 3

C1, BN1, ReLU1 S=1 224 x 224 % 16
C2, BN2, ReLU2 FS=5x5,S=2 112 x 112 x 16
C3,BN3, ReLU3 FS=7x7,S=2 56 x 56 x 16
PC1, BN4, ReLU4 FS=1x1,S=1 56 x 56 x 16
PC2, BN5, ReLU5 FS=3x3,S=1 56 x 56 x 16
PC3, BN6, ReLU6 FS=5x5,S=1 56 x 56 x 16
PC4, BN7, ReLU7 FS=7x7,S=1 56 x 56 x 16
Concatenation Layerl Four inputs 56 x 56 x 64
CBN1 Batch Normalization 56 x 56 x 64
PC5, BN8, ReLLU8 FS=1x1,S=2 28 x 28 x 32
PC6, BN9, ReLU9 FS=3x3,S5=2 28 x 28 x 32
PC7, BN10, ReLU10 FS=5x5,S=2 28 x 28 x 32
PC8, BN11, ReLU11 FS=7x7,5=2 28 x 28 x 32
Concatenation Layer2 Four inputs 28 x 28 x 128
CBN2 Batch Normalization 28 x 28 x 128
PC9, BN12, ReLU12 FS=1x1,S=1 28 x 28 x 32
PC10, BN13, ReLU13 FS=3x3,S=1 28 x 28 x 32
PC11, BN14, ReLU14 FS=5x5,S=1 28 x 28 x 32
PC12, BN15, ReLU15 FS=7x7,S=1 28 x 28 x 32
Concatenation Layer3 Four inputs 28 x 28 x 128
CBN3 Batch Normalization 28 x 28 x 128
PC13, BN16, RelL.U16 FS=1x1,S=2 14 x 14 x 64
PC14, BN17, ReLU17 FS=3x3,5=2 14 x 14 x 64
PC15, BN18, Rel.U18 FS=5x5,S=2 14 x 14 x 64
PC16, BN19, ReLL.U19 FS=7x7,S=2 14 x 14 x 64
Concatenation Layer4 Four inputs 14 x 14 x 256
CBN4 Batch Normalization 14 x 14 x 256
PC17, BN20, Rel.U20 FS=1x1,S=1 14 x 14 x 128
PC18, BN21, RelLU21 FS=3x3,S=1 14 x 14 x 128
PC19, BN22, ReLU22 FS=5x5,S=1 14 x 14 x 128
PC20, BN23, ReLU23 FS=7x7,S=1 14 x 14 x 128
Concatenation Layer5 Four inputs 14 x 14 x 512
CBN5 Batch Normalization 14 x 14 x 512
PC21, BN24, ReLU24 FS=1x1,S=2 7 x7 x 256
PC22, BN25, ReLU25 FS=3x3,S5=2 7 x7 %256
PC23, BN26, RelLU26 FS=5x5,S=2 7 x7 x 256
PC24, BN27, ReLU27 FS=7x7,5=2 7 x7 %256
Concatenation Layer6 Four inputs 7 x 7 x1024
CBN6 Batch Normalization 7 x7x1024
Global average Pooling - 1x1x1024
FC1 100 FC 1x1x100
Dropl Dropout layer with learning rate:0.5 1 x 1 x 100
FC2 2FC 1x1x2
Softmax Abnormal, Normal 1x1x2

The question here is: “Does adding more branches improve the
performance?” We added a fifth branch of the parallel convolutional layer. The
fourth model has five branches of parallel convolutions with five different filter
sizes of 1x1, 3x3, 5x5, 7x7, and 11x11 at each block, as shown in Fig. 6. After
each concatenation layer, there is a batch normalization layer, which is very
helpful for normalizing these activations behind any concatenation layer. It is
also useful for preventing overfitting.

e Part 3: This part is the same for all four proposed models. It presents the global
average pooling layer and the two FC layers, plus the output classifier based on
softmax. The filter size of the global average pooling layer is 7x7. This layer is

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



Comparison of Hybrid Convolutional Neural Networks Models for . ... 2011

followed by the two FC layers with 100 units for the first one and two units for
the second one. A dropout layer was inserted between the two FC layers to
prevent overfitting and to improve performance. We employed one dropout layer
with a probability of p = 0:5. The last part is the softmax output of the class
probabilities, which represents how close the training and proof data labels are
to the parameters. The two classes represent the DFU outputs: normal (healthy)
or abnormal (DFU).

Convolution 1

5 Filter Size: 1x1 B

Convolution 2
» Filter Size: 3x3 »

Input Image » Convolution 3 » | Concatenation ||

224x224%3 Filter Size: 5x5 Layer [ e

» Convolution 4 »
Filter Size: 7x7

4 Convolution 5 7

Filter Size: 11x11

Fig. 6. The second part of the proposed model of five branches.

The training option used was stochastic gradient descent with momentum set to
0.9, mini-batch size set to 64, MaxEpochs set to 100, and a learning rate set to 0.001.
The proposed models were trained with original images and original images plus
augmented images. Figure 7 shows some filters from the first convolutional layer that
learned abnormal skin features from the proposed model with four branches. Lastly,
we implemented our experiments using MATLAB 2018 as software and an Intel (R)
Core TM i7-5829K processor. The CPU was 3.30 GHz, the RAM was 32 GB, and
the GPU was 8 GB.

Fig. 7. Some learned filters from
the first convolutional layer, which learned abnormal
skin features from the proposed model with four branches.
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4.Experimental Results
4.1. Evaluation metrics

The performance of the proposed models was evaluated in terms of recall, Eq.(1),
precision, Eq. (2), and F1 score, Eq. (3):

Recall= TP/(TP+FN) Q)
Precision= TP/(TP+FP) 2
F1 ocore= 2% ((Precision x Recall)/(Precision + Recall)) ?3)

Where TP represents true positives, FP represents false positives, and FN represents
false negatives.

4.2. Results of training the models with original images

We first evaluated the proposed models trained with only original images, as
reported in Fig. 8. The model with four branches of parallel convolutions achieved
the highest evaluation measurements, scoring 90.8%, 87.9%, and 89.3% for
precision, recall, and the F1 score, respectively. The model with five branches of
parallel convolutions scored the second-highest evaluation measurements by
achieving 89.5% for precision, 86.8% for recall, and 88.1% for the F1 score. The
model with three branches of parallel convolutions came in third place by achieving
87.9% for precision, 84.8% for recall, and 86.2% for the F1 score. Lastly, the model
with two branches of parallel convolutions achieved the lowest evaluation
measurements by achieving 86.1% for precision, 84.5% for recall, and 85.2% for
the F1 score.

In the case of DFU classification, the model with five branches did not show
improved performance. Instead, the model with four branches achieved the highest
performance measurements. The proposed model with five branches required more
training images to achieve high performance, and in some cases, extracting more
features led to model confusion when classifying images.

92
91
90
89
88
87
86 -
85 A
84
83
82 -
81 - T T

Model with  Modelwith Model with  Model with
two branches three branches four branches five branches

B Precision (%)
HRecall (%)
F1-score (%)

Fig. 8. Evaluation results for the
proposed four models trained only with original images.
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4.3. Results of training the models with original images plus
augmented images

We then evaluated the proposed models trained with original images plus
augmented images, as reported in Fig. 9. The model with four branches of parallel
convolutions achieved the highest evaluation measurements by scoring 97.3%,
94.5%, and 95.8% for precision, recall, and the F1 score, respectively. The model
with five branches of parallel convolutions scored the second-highest evaluation
measurements by achieving 96.5% for precision, 94.2% for recall, and 95.3% for
the F1 score. The model with three branches of parallel convolutions came in
third by achieving 94.7% for precision, 92.9% for recall, and 93.7% for the F1
score. Lastly, the model with two branches of parallel convolutions achieved the
lowest evaluation measurements by achieving 93.6% for precision, 90.7% for
recall, and 92.1% for the F1 score. It is clear that the augmented images
significantly enhanced performance.

98

96

94 -

92 A __ mPrecision(%)
HRecall (%)

90 1 [ F1-score (%)

88 - |

86

Model with Mode w1th Model w1th Model with
two branches three branches four branches five branches

Fig. 9. Evaluation results for the proposed
models trained with original images plus augmented images.

4.4. Performance comparison between our model and the latest
state-of-the-art DFU classification methods

As the model with four branches of parallel convolutions achieved the highest
results, we compared it to the latest state-of-the-art DFU classification methods,
which are DFUNet [11] and DFU_QUTNet [12]. Our proposed models with four
branches outperformed these models, as reported in Fig. 10. The predictions made
by the four-branch model for some test images are shown in Fig. 11.

The proposed model with four branches has the sufficient number of layers and
filters among other models, which assisted in having sufficient features to
differentiate between classes. The proposed models with two and three branches
required more extracted features to differentiate between classes, while the
proposed model with five branches extracted more unbidden features that may have
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confused the network. Overall, all models achieved high accuracy compared to
prior methods.

98
97
96
95
04 M Precision (%)
mRecall (%)
93
HF1-score (%)
92
91
90
DFUNet DFU_QUTNet  Model with four
branches
Fig. 10. Comparison of the proposed
model with four branches to the latest CNN methods.
AB: 97.9% N: 96.4% N: 90.8% N: 88.4% N: 90.4%

W

N: 94.7% N: 91.4% AB: 94.8% AB: 97.5% AB: 93.4%

Fig. 11. Predictions made by the four-branch
model for some test images. N = normal class, AB = abnormal class (DFU).

5. Conclusion

The comparison of four hybrid CNN models has been presented for automated
classification of DFU into two classes: normal (healthy skin) and abnormal (DFU).
The architecture of the proposed models was designed by integrating traditional
convolutional layers with multi-branch parallel convolutional layers ranging from
two to five branches. This type of structure has the ability to extract different
features to differentiate between classes. We trained the proposed models with
original images first, then trained them with original images plus augmented
images. We showed that the model with four branches of parallel convolutional
layers performed better than the models with five, three, or two branches in terms
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of DFU classification. This indicates that increasing the width of the network does
not always improve performance. The proposed model with four branches was
effective and outperformed the latest DFU classification methods by achieving an
F1 score of 95.8%. We aim to fine-tune the proposed model with four branches to
classify five classes of DFU levels. We also plan to utilize the knowledge that the
proposed model learned from the DFU dataset as transfer learning to classify
several wound types.
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