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Abstract

In this work, a data-driven, modal decomposition method, the higher order dynamic mode decomposition (HODMD), is combined
with a convolutional neural network (CNN) in order to improve the classification accuracy of several cardiac diseases using echocar-
diography images. The HODMD algorithm is used first as feature extraction technique for the echocardiography datasets, taken
from both healthy mice and mice afflicted by different cardiac diseases (Diabetic Cardiomyopathy, Obesity, TAC Hypertrophy and
Myocardial Infarction). A total number of 130 echocardiography datasets are used in this work. The dominant features related to
each cardiac disease were identified and represented by the HODMD algorithm as a set of DMD modes, which then are used as
the input to the CNN. In a way, the database dimension was augmented, hence HODMD has been used, for the first time to the
authors knowledge, for data augmentation in the machine learning framework. Six sets of the original echocardiography databases
were hold out to be used as unseen data to test the performance of the CNN. In order to demonstrate the efficiency of the HODMD
technique, two testcases are studied: the CNN is first trained using the original echocardiography images only, and second training
the CNN using a combination of the original images and the DMD modes. The classification performance of the designed trained
CNN shows that combining the original images with the DMD modes improves the results in all the testcases, as it improves the
accuracy by up to 22%. These results show the great potential of using the HODMD algorithm as a data augmentation technique.

Keywords: Deep learning, higher order dynamic mode decomposition, classification, data augmentation, echocardiography.

1. Introduction

In the health care industry, heart diseases are one of the most
common cause of death globally [1]. Therefore, it is important
to use different tools to observe the functional status of the
heart. Researchers and medical practitioner rely fundamentally
on cardiovascular images for the clinical diagnosis of heart
disease. These images provide crucial information for further
clinical procedures, which makes it very important to take
advantage of these images to extract as much information as
possible and provide an accurate diagnosis. There is no doubt
that researchers in the medical field are doing an outstanding
job in diagnosing different heart disease, but we can not ignore
the fact that Artificial intelligence (AI) and machine learning
(ML) have influenced every field of cardiovascular imaging
through several applications. Processing cardiac images and
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assisting in the diagnosis of different cardiac diseases through
deep learning has become a popular topic. Researchers have
introduced numerous applications of deep learning for cardiac
images, such as detecting the abnormalities of regional left
ventricular contraction and wall motion ([2], [3],[4]), view-
point classification ([5], [6],[7]) as well as heart segmentation
([8],[9]) and noise and artifact reduction ([10],[11],[12]).

Another common application of deep learning for medical
imaging is classification for cardiac diseases prediction.
Several classification techniques have been proposed to help
health-care professionals in diagnosing heart disease. Imayan-
mosha et al. [13] used two deep leaning methodologies (a
Recurrent Neural Network (RNN) based methodology (Long
Short Term Memory (LSTM)) and an Autoencoder based
methodology (Variational AutoEncoder (VAE)) to perform
two different kinds of classification: (i) binary classification
(normal or abnormal), (ii) categorical classification (for six
different classes of regurgitation) using 2D echo images,
3D Doppler images, and videographic images. Both the
methodologies did not score more than 80% accuracy for the
binary classification, however, they correctly classified the six

Preprint submitted to Results in Engineering January 15, 2025

https://orcid.org/0000-0002-8099-0627
https://orcid.org/0000-0002-7680-3980
https://orcid.org/0009-0009-3915-1707
https://orcid.org/0000-0002-2743-1033
https://orcid.org/0000-0002-1627-6883
https://orcid.org/0000-0002-7422-5320
https://orcid.org/0000-0003-3605-7351
https://orcid.org/0000-0002-8099-0627
https://orcid.org/0000-0002-7680-3980
https://orcid.org/0009-0009-3915-1707
https://orcid.org/0000-0002-2743-1033
https://orcid.org/0000-0002-1627-6883
https://orcid.org/0000-0002-7422-5320
https://orcid.org/0000-0003-3605-7351


classes of regurgitation with 96% accuracy. Similarly, Madani
et al. [14] developed two classifiers, a supervised model and
a semi-supervised generative adversarial network, for the
classification of left ventricle hypertrophy (LVH) and 15-view
echocardiography images. The supervised model achieved
91.2% and 94.4% accuracy for LVH and view classification
respectively, meanwhile, the semi-supervised model scored
greater than 92.3% for the LVH and greater than 80% for
the view classification. Tsai et al. [15] introduced a genetic-
algorithm based fuzzy-logic approach to classify of myocardial
heart disease from ultrasonic images. Beside their proposed
method, the researchers investigated three other classification
models (propagation learning method (BP–NN method), neural
network with GA learning method (GA–NN method), and
fuzzy method (without GA operation)). These methods were
used to classify 90 samples of echocardiographic images
from 45 subjects, achieving an accuracy of 82.1%, 88.7%,
91.4% and 95.9%, for BP–NN, GA–NN, fuzzy and GA-fuzzy,
respectively, where the results showed the superiority of the
GA-based fuzzy method. Meanwhile, Germain et al. [16]
evaluated different available convolutional neural networks
(CNN) in classifying 1200 cine magnetic resonance (MR)
sequences into three classes: normal, hypertrophic cardiomy-
opathy and dilated cardiomyopathy. The tested models gave
quite similar results, achieving an accuracy of 98% for the
three cardiomyopathies classification.

Although all previous researchers have approached the
classification of cardiac diseases in different ways, they all aim
towards the same goal, which is to improve the accuracy of
the classification and in this work, we focus on the same goal.
While aiming towards the classification of five different cardiac
diseases, several augmentation tools have been explored,
including: (i) traditional techniques such cropping, flipping,
zooming..., (ii) expanding the dataset by duplicating and
tripling the data while adding noise (gaussian noise, uniform
noise, salt and pepper...), (ii) employing generative adversarial
networks (GANs). However, these techniques failed to provide
significant benefits. As a consequence, we adopted a novel
approach distinct from the previously mentioned techniques.
In particular, a convolutional neural network is combined with
a data-driven method named the higher order dynamic mode
decomposition (HODMD) ([17]), which has been introduced
to the medical field quite recently ([18, 19, 20, 21]), in order to
classify echocardiography datasets into five categories: healthy,
diabetic cardiomyopathy, obesity, myocardial infarction and
TAC hypertrophy. In more details, what makes our approach
different from the classical techniques, is the fact that the
classification is not done directly using the original echocardio-
graphy images, but instead, we perform a pre-processing step,
where the HODMD algorithm is used to identify and extract the
dominant features related to the different cardiac conditions.
These features will be presented in a set of DMD modes, and
will be used to augment the original database. In more details,
a first testcase (testcase 01) is taken, where the build CNN is
trained using a database consists of 10000 original echocardio-
graphy images (2000 image per class). Next, a second testcase

(testcase 02) is investigated, where the training will be done
using the combination of both the original images and the
DMD modes. The performance of the CNN is also evaluated
on a set of completely new, unseen data. The results, which
will be detailed in the coming sections, show how employing
HODMD for data augmentation can help in addressing data
scarcity, where the augmentation process not only enriched the
data but also significantly improved the model’s performance.
Moreover, additional experiments and validations, including
the investigation of other modal decomposition techniques, as
well as comparisons against alternative algorithms have been
conducted and detailed in our recently published paper [21].
These extended tests provide strong evidence supporting the
robustness and reliability of the proposed solution, reinforcing
confidence in the approach and the results presented in this
paper. Furthermore, employing the HODMD for the analysis
of these databases saves time and effort of data preparation,
while preserving a better classification accuracy.

The remaining of the article is organized as follows: sec-
tion 2 will introduce the methods used. The materials and data
pre-processing are explained in section 3. The different results
obtained are presented in section 4 and section 5 will hold the
conclusions.

2. Methods

2.1. Higher order dynamic mode decomposition

Higher order dynamic mode decomposition (HODMD) is
an extension of a data analysis tool, well established in the
fluid mechanics field, named dynamic mode decomposition
(DMD) [22]. HODMD [17] was introduced for the analysis
of complex data modeling non-linear dynamical systems.
The HODMD is a data-driven method and it operates on data
organized in matrix form as:

VK
1 = [v1, v2, . . . , vk, . . . , vK], (1)

where vk is a snapshot (e.g. an echocardiography frame)
collected at time tk, with k = 1, . . . ,K. Hence VK

1 ∈ RJ×K ,
with J = Nx × Ny, where Nx and Ny are the total number of
pixels on the X and Y directions, respectively.

The data can also be arranged in a tensor as:

Xx1,x2,k for x1 = 1, . . . ,Nx; x2 = 1, . . . ,Ny and k = 1, . . . ,K, (2)

where x1 and x2 represent the position of each pixel in the
frame plane containing the image, for the horizontal and
vertical components and K is the number of snapshots.

Similarly to DMD, the HODMD algorithm decomposes the
signal into a number of modes um, as follows:

v(x, tk) ≃
M∑

m=1
amume(δm+iωm)tk for k = 1, . . . ,K, (3)
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where am are the amplitudes, t is the time, with the frequencies
ωm and the growth rates δm.

The HODMD algorithm can be summarized in the two
following steps:

1. Dimensionality reduction: this step is achieved using the
singular value decomposition (SVD), which will represent
the snapshot matrix defined in eq. (1) as the product of
three matrix factors:

VK
1 ≃WΣTT =

r=min(J,K)∑
j=1

σ jw j tT
j , (4)

where W and T are real, orthonormal matrices. The
columns of W (noted w j) are the left singular vectors of
VK

1 (related to spatial properties), and the columns of T
(noted t j) are the right singular vectors of VK

1 (related to
temporal properties). The matrix Σ is a matrix with real,
non negative entries on the diagonal and zeros off the
diagonal, the elements of Σ (noted σ j) are the singular
values corresponding to the left and right singular vectors
of VK

1 , with σ1 ≥ · · · ≥ σ j ≥ · · · ≥ σr.

Finally, the tolerance εS VD is used to determine the number
N of SVD modes to retain as

σN+1

σ1
≤ εS VD. (5)

Thus, Eq. (4) can be rewritten as

V̂K
1 = ΣTT , with VK

1 ≃WV̂K
1 . (6)

where V̂K
1 will be called the reduced snapshot matrix.

2. The second step is called the DMD-d algorithm, which
combines the standard DMD with Takens delay embed-
ding theorem [23]. In this step, a d lagged Koopman as-
sumption is applied to the reduced snapshot matrix defined
in eq. (6):

V̂K
d+1 ≃ R̂1V̂K−d

1 + R̂2V̂K−d+1
2 + · · · + R̂dV̂K−1

d , (7)

where R̂k =WT RkW are the reduced Koopman operators.

The d reduced Koopman operators R̂1, . . . , R̂d in eq. (7)
describe the dynamics of the system. All these operators
are joined into one matrix, which will be called the modi-
fied Koopman matrix R̃. In order to obtain the components
of the expansion eq. (3), the eigen decomposition of
the modified Koopman matrix R̃ is carried out, where its
eigenvectors are used to calculate the DMD modes um

and its eigenvalues are used to obtain the frequencies ωm

and growth rates δm. Meanwhile, the amplitudes am are
calculated by least squares fitting.

The number of DMD modes to retain M is determined us-
ing the tolerance εDMD as

aM+1

a1
≤ εDMD (8)

The algorithm is explained in detail in Ref. ([17]) and the
Matlab codes and more applications can be found in ([24]).

2.2. CNN architecture and training

In this research, a convolutional neural network (CNN)
[25, 26] has been designed for categorical classification of
echocardiography images. The CNN implementation was
performed in Python, using the Keras library and TensorFlow
backend. Hyperparameter tuning was performed to choose the
ideal model architecture for our dataset, including the number
of convolutional layers [27], the units of the dense layers
and the learning rate. The training of the tuner went for 10
epochs with the max number of trials equals to 6. The model
parameters, which were learned and used in building the CNN,
are as follows: as seen in Fig. (1), the CNN is built using three
(3 × 3) convolutional layers, where each one is followed by a
(2 × 2) max pooling layer [28]. A flatten layer was included
next and finally, two dense fully connected layer are added,
such that, the first fully connected layer is accompanied with
the activation function Rectified Linear Unit (ReLU) [29] and
the second one is accompanied with the soft-max [30, 31]
activation function.

This architecture is considered a foundation for most of deep-
learning-based classification models and it has proven to be one
of the most efficient and unmatched in accuracy and robustness
for image classification ([32, 33, 34, 35, 36]). The parameters
used for the training process are determined based on the size
of the dataset. In our case, we first resize all the images to
256 × 256. Next, we train the model with a batch size of 128,
optimizer RMSprop, learning rate (LR) of 10−3 (obtained us-
ing the hyper-parameter tuner), and categorical-crossentropy as
loss function. Regarding the number of epochs, ”Early Stop-
ping” using the “callbacks” argument is employed to prevent
over-fitting. The monitor specified for this step is the validation
accuracy, with patience argument equals to 40: thus allows the
training to continue for up to an additional 40 epochs after the
point that validation accuracy stops improving. Performance
metrics are chosen to be validation loss (can be seen in Fig .5 in
appendix A) and validation accuracy and finally, the confusion
matrix is used to determine the nature and the rate of misclassi-
fication.
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Figure 1: A sketch of the architecture of the Convolutional Neural Network which is designed to train a model for classifying the cardiac diseases.

3. Material

3.1. Echocardiography data

This study included 130 echocardiography datasets (videos)
taken with respect to a long axis view (LAX). A sample image
is shown in Fig. 2 (Fig. (2a): pre-cropping and Fig. (2b): post-
cropping). All the databases has a number of frames (which
we call snapshots) varying between 120-300. The 130 datasets
split equally into 5 classes, each class is associated to one of the
following cases: healthy (H), obesity (Ob), diabetic cardiomy-
opathy (DC), myocardial infarction (MI) and TAC hypertrophy
(HT). Each one of these classes encompass 26 sequences (sam-
ples): 20 of those are used for training; 100 successive frames
(snapshots) of each sample are taken, resulting in 2000 im-
ages per class, which leads to a dataset with a total number
of 10000 images (dataset 01). The final database is then di-
vided into training, validation and testing/prediction (7000 im-
ages for training and 2500 for validation and 500 for predic-
tion/testing). The remainder 6 samples (per class) are hold-out
for testing as new, unseen data, where 90 successive images
from each sample are taken, resulting in a second test database
with a total number of 2700 images (testing I). This second test-
ing database, which consists of original images only, is used for
both testcases in order to conduct a fair comparison.

3.2. Data pre-processing using the HODMD algorithm

In order to prepare the data for the classification process, a
pre-processing stage was first carried out. This phase is accom-
plished in two steps:

• All the snapshots of each dataset were first imported and
then cropped, where all the medical information displayed
in the images are removed (as seen in Fig. (2)). The
cropped images of each dataset are then converted to gray
scale images and arranged in an individual tensor (as in eq.
(2)).

• The prepared tensors are then analyzed separately using
the HODMD algorithm implemented on Matlab® [37]. In
this step the HODMD algorithm is used as a feature ex-
traction technique, where for each dataset the HODMD
works on identifying and extracting dominant features re-
lated to each one of the mentioned classes and represent
them in sets of DMD modes (detailed explanation of this
step can be found in our previous work [18]). All the ob-
tained DMD modes are plotted and well observed in order
to pick the modes, which will be employed for the aug-
mentation process.

• The criterion for the selection of the modes is related to
the quality of the identified DMD modes. In particular,
most representative modes (clear patterns), with high am-
plitudes and low noise levels, are chosen to augment the
databases. Moreover, there are cases where the analysis
of the echocardiography sequences results in either few
DMD modes or modes with high noise levels. As a conse-
quence, is these cases the average of the adequate DMD
modes, which can be used for the augmentation, is 10
modes. Hence, To accomplish a balanced dataset for the
classification, 10 DMD modes for each sample are taken,
resulting in a total number of 200 DMD mode per class,
this enables to enrich the original dataset 01 with 1000 ad-
ditional images.

• The additional 1000 images are split and arranged into
training, validation and testing (prediction) folders, to be
used to augment dataset 01, which leads to dataset 02.
Hence, dataset 02 will have a total number of 7700 images
for training, 2750 images for validation and 550 images
for testing.

Table 1 gathers the statistics for the datasets employed in this
work.
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(a) (b)

Figure 2: Original echocardiography image for LAX (a): before cropping, (b)
after cropping

4. Results

In the following, the results are elaborated using, first, the
accuracy versus the number of epochs plots (e.g. Fig. 3a),
and they display both the training and validation accuracies,
which is considered the best metric, as model performance is
best measured using accuracy as the metric of choice [38]. Sec-
ond, the confusion matrix (e.g. Fig. 3c), which evaluates the
performance of the model when it make predictions either the
testing or on the testing I (unseen dataset), as it shows the pre-
dictions of the model against the ground truth (true labels), giv-
ing the number of samples correctly classified in the diagonal
and samples misclassified off the diagonal.

4.1. Five-class classification experiment:
The results obtained from the classification of all the five

datasets re presented first.

As mentioned before, two different testcases has been
carried out. In the first testcase, the CNN is trained using
the original images only. Figure (3a) shows the validation
accuracy during the training process, as the validation accuracy
reaches and stabilizes at 99% starting from approximately the
10th epoch. However, as we can observe in Fig. (3c) the CNN
is having some difficulties achieving good results during the
prediction phase, as the highest accuracy reached is 76%, with
114 misclassifications out of 500.

In the second testcase, the database used for training is the
DMD-augmented database (dataset 02). As seen in table (1),
each class is now represented by a combination of 2000 original
images and 200 DMD mode split between training, testing and
validation. The results of this testcase are shown in Fig. (3b)
and (3d). As we observe The validation accuracy is set to be
98% starting from approximately the 25th epoch. Meanwhile,
testing the performance on the testing dataset increased the
accuracy from 76% to 94%, with only 29 misclassifications out
of 550.

The CNN is also tested on a set of new, unseen echocar-
diography images (testing I). As seen in Fig. (3e), the CNN
is still facing some difficulties achieving good results during
the prediction when the training of the CNN is done using the
original images only, as the highest accuracy reached is 42%,

with 1863 misclassifications out of 2700. Meanwhile, training
the CNN using the augmented database increased the accuracy
to 67%, correctly classifications 1822 out of 2700 as seen in
Fig. (3f) (a summary of the results can be seen in Table 2).

Some of both original images and DMD modes have been
included in appendix B in order to justify these results. As can
be observed in Fig.(.6), the original images are very similar,
meaning that when splitting the database into training, testing
and validation, the CNN will easily classify the validation set,
resulting (as anticipated) in high validation accuracy. However,
when the CNN is put through a more difficult task, which is
classifying the unseen data in testing I, it fails to give satisfac-
tory results. Meanwhile the DMD modes (seen in Fig. (.7)) can
be seen displaying more details, enhancing features and pat-
terns, not easily perceptible in the original images. The clear
difference in the DMD mode explains the slight drop in the val-
idation accuracy when combining the original images with the
DMD modes for the training, as the CNN is given a trickier as-
signment. Nevertheless, handing the CNN a more complicated
mission definitely resulted a clear improvement in the accuracy
when testing with the unseen data.

4.2. Four-class classification experiment:
It is well known from medical practice that it is not trivial

even for medical doctors to discern healthy echocardiography
data from unhealthy data. Moreover, one should bear in mind
that 20 samples may not be an amount of data descriptive
enough to properly train a CNN model. In an ideal world, we
would resort to larger databases so that the CNN performance
improves. However, well curated echocardiography data is
difficult and expensive to generate. Therefore, in this section
we propose an alternative experiment that will hopefully help
us to assess the performance of the CNN classification of
the HODMD augmented database. In particular, the healthy
datasets are excluded in this experiment and the classification
is focused on the four cardiac diseases.

Similarly to the previous case, we carry out the same proto-
col. In the first testcase, a database consisting of 2000 images
per class is used for the training of the CNN. As seen in Fig.
(4a), the accuracy during the training process is set to be 99%,
which is anticipated. Meanwhile examining the performance
of the CNN on the testing dataset gave the accuracy of 79%,
with 82 misclassifications out of 400.

Next, for the second testcase, the combination of the original
images and the DMD modes is utilized for the training of the
CNN. As can be seen in Fig. (4b), the accuracy during training
reached 98% starting from the 25th epoch and the prediction
on the testing data increases the accuracy by 19% reaching
98%, misclassifying only 8 out of 440.

Equivalently to the five-class classification experiment, the
CNN is tested on a set of unseen data in this case as well
(testing I). Following the training of the CNN on both test-
cases, the prediction on the unseen data (testing I) provided an
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Class
Dataset 01: original images Dataset 02: DMD-mode augmented

Training Validation Testing Testing I Training Validation Testing Testing I

4
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5
cl
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se

s
cl

as
si

fic
at

io
n

H 1400 500 100 540 1540 550 110 540

DC 1400 500 100 540 1540 550 110 540

MI 1400 500 100 540 1540 550 110 540

Ob 1400 500 100 540 1540 550 110 540

HT 1400 500 100 540 1540 550 110 540

Table 1: Number of images used for each testcase for both 4 and 5 classes classification. The acronyms used are H: healthy, DC: diabetic cardiomyopathy, MI:
myocardial infarction, Ob: obesity, HT: TAC hypertension.

accuracy of 52%, with 1023 misclassifications out of 2160 for
the first testcase and once again we notice a clear improvement
in the accuracy with 74%, misclassifying 556 out of 2160 in
the second testcase, as can be seen in Figures (4e) and (4f),
respectively (see the summary of the results in Table 2).

This second experiment confirms the initial hypothesis that
the classification accuracy can be markedly improved by
augmenting the training dataset with about 10% of its size
with HODMD modes, demonstrating the ability of using the
HODMD algorithm as a data augmentation technique to up-
grade the performance of machine learning approaches.
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(a) (b)

(c) (d)

(e) (f)

Figure 3: Five-class classification experiment results. Training and validation accuracies throughout the training phase and the confusion matrices displaying the
performance of the model on the testing and unseen data (testing I), with the percentage of the correctly classified (Corr Class) and incorrectly classified (Incorr
Class) images for each label . Figs a, c and e refer to testcase 01, whereas Figs b, d and f refer to testcase 02. H: healthy, DC: diabetic cardiomyopathy, MI:
myocardial infarction, Ob: obesity, HT: TAC hypertension.
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(a) (b)

(c) (d)

(e) (f)

Figure 4: Four-class classification experiment results. Training and validation accuracies throughout the training phase and the confusion matrices displaying the
performance of the model on the testing and unseen data (testing I), with the percentage of the correctly classified (Corr Class) and incorrectly classified (Incorr
Class) images for each label. Figs a, c and e refer to testcase 01, whereas Figs b, d and f refer to testcase 02. DC: diabetic cardiomyopathy, MI: myocardial
infarction, Ob: obesity, HT: TAC hypertension.
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Accuracy
05 Classes: 04 Classes:

Dataset 01 Dataset 02 Dataset 01 Dataset 02

Validation 99% 98% 99% 98%

Testing 76% 94% 79% 98%

Testing I (Unseen data) 42% 67% 52% 74%

Table 2: Accuracy results summary for all the experiments.

5. Conclusions

In this work, we have explored the use of a data-driven
technique, the higher order dynamic mode decomposition
(HODMD) as a pre-processing tool and as a data augmenta-
tion technique, with the aim of improving the classification
accuracy of five different cardiac conditions. In particular, the
HODMD algorithm is combined with a convolutional neural
network (CNN), to ameliorate the classification accuracy of
five different classes into: healthy, diabetic cardiomyopathy,
obesity, TAC hypertrophy and myocardial infarction. Ahead
of the classification process, the HODMD is used to analyze
all the echocardiography datasets in order to identify and
extract the features related to the different cardiac diseases.
The extracted features are represented as what we call DMD
modes. The investigation conducted in this contribution
involves the use of 130 echocardiography datasets, subdivided
into 26 datasets (or samples) per class. In order to produce
a balanced database for the classification, 20 samples from
each class are taken for the training process, meanwhile the
remaining 6 samples, are left-out to be used as unseen data
for prediction. Two different testcases have been investigated
in this contribution: (i) training the CNN with the original
echocardiography images only, where 2000 images for each
class (100 successive images per sample) are taken for the
training process. The database for this testcase is divided
into 7000 images for training, 2500 for validation and 500 for
testing. (ii) A database combining the original images and
extracted features (DMD modes) is used for the training of
the CNN. The total number of images used for this testcase
is 7700 for training, 2750 for validation and 550 for testing.
Meanwhile, for the prediction on new, unseen data, 90 original
echocardiography images were taken from each one of the
6 hold-out datasets, resulting in a second test database with
2700 images, which will be used to evaluate the performance
of the model in both testcases. The results obtained from the
different tescases exhibit the following: during the training of
the CNN for both testcases, the achieved validation accuracy
is comparable, as it reached 99% in the first testcase and
98% in the second one. However, when investigating the
performance of the CNN on the prediction datasets, we notice
a clear improvement in the accuracy when using the augmented
database for the training, as the accuracy increased from 76%
to 94% when examining using the testing dataset and from
42% to 67% when evaluating with the new, unseen data.

Another experiment was explored in this work, which is ex-
cluding the healthy datasets and focusing on the classification
of the different pathologies. This experiment is considered
based on several aspects, including medical experts opinions,
the limited amount of data and the results we obtained from
previous research. The additional experiment covers both the
previous testcases as well. The results obtained display the
same behavior of the five classes classification case, as we
clearly see an improvement up to 22% in the classification
accuracy when employing the HODMD for augmenting the
original database with the DMD modes. Furthermore, it is
worth to mention that we have conducted a separate experiment
where a higher number of DMD modes is employed for the
augmentation. The results obtained from this experiment did
not offer any significant improvement, which demonstrates that
the correct criterion is indeed the quality of the DMD modes
and not the number. Hence, choosing the correct criterion
grants comparable results, permits the reduction of data and
computations and saves time and effort.

Based on the results we observe in this contribution, we
can conclude the efficiency of the HODMD algorithm as a
data augmentation technique. Combining the original images
and the DMD modes enhances the performance of the CNN
and its ability to predict on new unseen data, which is the
main scoop of this research. Achieving higher accuracy levels
is not the main aim of this investigation, however, working
on improving these results is highly considered for future work.
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Appendix A. Training and validation loss plots

(a) (b)

(c) (d)

Figure .5: Training and validation loss throughout the training phase for both testcase 01 and testcase 02. Figs a and c refer to testcase 01, whereas Figs b and d
refer to testcase 02.
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Appendix B. Echocardiography frames and DMD modes visualization
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Figure .6: Original echocardiography images. H: healthy, DC: diabetic cardiomyopathy, MI: myocardial infarction, Ob: obesity, HT: TAC hypertrophy
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Figure .7: Extracted features: DMD modes obtained using the HODMD algorithm. H: healthy, DC: diabetic cardiomyopathy, MI: myocardial infarction, Ob:
obesity, HT: TAC hypertrophy
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