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Abstract: In this paper, we developed a new approach to solve the problem of infective endocarditis (IE) diagnostics 

based on intelligent analysis of patients’ echocardiography images. The approach is based on echocardiography 

segmentation results and detection of valvular anomalies (namely vegetations). In this article for the first time 

investigates CNNs and Visual Transformers (ViT) based segmentation methods within the framework of the vegetation 

segmentation task on echocardiography images. Additionally, ensemble methods for combining segmentation models 

using a new method of models competition for data points were proposed. Furthermore, we investigated methods for 

aggregating the results of the ensemble based on a new meta-model, pointwise weighted aggregation, which weighs the 

results of each model pixel by pixel. The last proposed step was to automatically calculate the volume of segmented 

vegetation to determine the degree of disease and the need for urgent surgical intervention. For the studied and proposed 

methods, the following ensemble segmentation accuracy was achieved on the test dataset: iou 0.7822, dice score 0.886. 

The proposed empirical algorithm for calculating the volume of vegetations provided the basis for further improvements 

of the studied approach. The results obtained indicate the great potential of the developed approaches in clinical practice. 

 

Index Terms: CNN, ViT, semantic segmentation, echocardiography, infective endocarditis, vegetation, hybrid models 

 

 

1. Introduction 

1.1. Features of infectious endocarditis 

Endocarditis is a disease of the cardiovascular system that manifests itself in inflammation of the endocardial 

surface of the heart. Depending on the cause, there are infectious and non-infectious forms. As the name implies, 

infectious endocarditis is caused by inflammation as a result of bacteria or fungi entering the bloodstream, which 

subsequently settle on the heart valves or other parts of the endocardium, while non-infectious endocarditis can be 

caused by autoimmune reactions, prolonged inflammation, blood clots, or other non-infectious processes. 

Infective endocarditis (IE) usually occurs along the edges of the heart valves. The lesions, called vegetations, are 

masses of fibrin, platelets and infectious microorganisms that are held together by agglutinating antibodies produced by 

bacteria. As the inflammation continues, the ulcer can lead to erosion or perforation of the valve leaflets, resulting in valve 

failure, conduction pathway damage (in the septal region), or rupture of the sinus of Valsalva (in the aortic region) [1]. 

mailto:svm@nau.edu.ua
mailto:k.riazanovskyi@kpi.ua
mailto:sheruda.andrew@lll.kpi.ua


Intelligent Infective Endocarditis Diagnostic System Based on Echocardiography 

106                                                                                                                                                                     Volume 16 (2024), Issue 5 

Infective endocarditis is a life-threatening cardiac infection that is prone to occur in some individuals with multiple 

heart valve disease, with an annual incidence of 4.6 per 100,000 people with a definite linear progression [2]. Increasing 

rates of antibiotic resistance, atypical microbes and even fungi now affect a significant proportion of all patients with IE. 

Groups of people with an existing artificial valve or stent are particularly vulnerable to the disease. The 

combination of these unfavourable host, source, and pathogen factors leads to a disproportionately high mortality rate 

(30%), usually sudden and short-lived, which contrasts with the cure rate in other cardiovascular diseases [3]. 

1.2. Diagnosis of endocarditis 

Modern methods for identifying IE include modified Duke criteria, which are based on echocardiography - the use 

of ultrasound examination of the heart. This is a type of medical imaging that uses standard ultrasound or Doppler [4]. 

The visual image created with this method is called an echocardiogram or cardiac echo. 

When diagnosing endocarditis, three echocardiographic findings are distinguished: (1) vegetations, defined as 

mobile echo-dense masses implanted in the valvular or murine endocardium in the path of the regurgitant jet or 

implanted in prosthetic material without an alternative anatomical explanation; (2) abscesses; or (3) dissection of the 

new prosthetic valve. Abnormal echocardiographic findings not meeting these definitions were considered secondary 

criteria [5]. 

Echocardiography is commonly used to diagnose, treat, and monitor patients with any suspected or known heart 

dis- ease. It is one of the most commonly used imaging modalities in cardiology. It can provide a wealth of useful 

information, including the size and shape of the heart (a quantification of the size of the internal chamber), pump 

performance, the location and extent of any tissue damage, and a valve assessment. The echocardiogram image is a time-

lapse recording of the work of the heart muscle in its various phases. 

2. Problem statement 

2.1. Problem description 

Although the gold standard for diagnosing infective endocarditis is the Duke criterion, it does not determine the 

need for emergency surgery. And therefore, a visual assessment of the size of the vegetation can play a key role in 

organizing a treatment plan. Vegetation size 10mm
3
 - is a marker for urgent surgery. However, based on visual data it is 

difficult to estimate its actual size, that is, no one has made such attempts before. The possible decision to operate was 

made on the basis of indirect indicators, taking into account the experience of the surgeon, which creates significant 

risks. Artificial intelligence, on the one hand, reduces the workload of the doctor who processes echocardiography 

images, and on the other hand, allows you to make the right decision regarding the urgency of the operation and reduce 

patient mortality. 

According to a research [6] from the journal Cardiovascular Ultrasound, the frequency of false negative checks of 

im- ages for valve abnormalities reaches 14.5%. The main reasons were the atypical position and small size of the 

vegetations. The authors of [7] note that although the classical clinical classification into acute or subacute endocarditis 

syndromes has not completely lost its usefulness, modern clinical standards have increased in line with the profound 

epidemiological changes observed in developed countries. The usual human error can play a role during any visual 

checks, so the neces- sary solution is to integrate computer vision models into the diagnostic process, which can help to 

eliminate the human factor and improve the quality of diagnosis. 

Timely diagnosis of the disease can significantly reduce patient mortality. According to [8], the overall mortality 

rate was 24%, 42%, 50% and 56% in 1, 5, 10 and 20 years, respectively. It is not only about the urgent, immediate 

help that a patient delivered with an attack needs, but also about the diagnosis of people at risk in general. Intelligent 

signal and image processing is already used in various technical fields, such as for classifying and recognizing 

anomalies in radar data [9], diagnosing radio electronic systems [10] or detection of singularities of electric field 

distribution [11]. The development of AI tools for echocardiogram analysis and accurate disease diagnostics can 

radically change and simplify the entire process of disease detection. 

2.2. Scope of the paper 

The scope of this work is to calculate the volume of vegetation based on its images. Formally, it can be divided 

into several steps: (1) Training and selection of a segmentation model. In this step, we obtain a basic segmentation model 

from the baseline pool, open to improvement. (2) Model improvement through the use of ensembles. At this stage, 

ensembles of several models are built in order to improve their accuracy. (3) Improvement of the model selection 

algorithm for the ensemble. Since existing model selection algorithms are poorly adapted to the segmentation task, a 

version suitable for use is required. (4) Improvement of the ensemble aggregation method. Basic aggregation methods 

have little effect on the productivity of the model and require more powerful adaptation for this task. (5) Creation of an 

algorithm for calculating the volume of vegetation. Using the vegetation mask generated by the final model, it is 

necessary to calculate the volume of formation. 
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3. Literature Review 

First of all, it is worth pointing out that the task of segmentation of vegetations in echocardiography images is 

completely new, that is, there are no similar works with the same problem at the time of publication. 

The paper [12] from the Journal of Imaging investigated the role of artificial intelligence in echocardiography 

analysis. The authors confirm that advances in the application of AI in cardiology and echocardiography are rapidly 

expanding, leading to revolutionary changes in patient care. AI algorithms help to detect, classify, diagnose, and predict 

cardiac pathologies. They promise increased workflow efficiency, improved reproducibility, and higher diagnostic 

accuracy, and can be a cost-effective tool to meet the growing demand for cardiac imaging. There are many obstacles 

that need to be overcome to enable the use of AI in clinical practice, including a lack of data and clinical outcomes. 

Therefore, as the authors conclude, further research is needed to determine the accuracy and effectiveness of AI-based 

solutions, as well as how AI can affect clinical outcomes. 

The developments of the last 3 years in the field of deep learning and echocardiography have been focused generally 

on segmentation and identification of the cardiac structure by deep pyramidal neural networks of local attention [13], 

deep EchoNet networks [14], detection of heart rhythm phases by deep convolutional networks [15], classification of 

video echocardiograms by time-distributed convolutional networks and dual-flow networks [16], creation of 3D heart 

models based on segmentation by convolutional networks [17]. The review works [18] also generally focused on the 

general tasks of segmentation and classification of the internal part of the heart by conventional CNNs. 

In [19], the authors tested the hypothesis that neural networks and logistic regression analysis would provide better 

prediction of IE compared to the modified Duke’s criterion. The results on an independent sample of 261 patients showed 

that logistic regression analysis and neural networks provide better prediction of IE compared to the clinically established 

modification of the Duke criterion. This result confirmed the feasibility and power of using artificial intelligence to 

diagnose IE and the need for further development and modification of such algorithms. However, the peculiarity and 

disadvantage of this work is the use of only clinical indicators of patients, while the echocardiograph image was evaluated 

manually by a cardiologist in the laboratory. 

Due to the high mortality rate (∼30%) of IE, the authors of [20] developed a robust machine learning-based risk 

assessment model to predict early mortality after IE surgery, which can help clinical decision-making and improve out- 

comes. A total of 476 consecutive patients with IE who were operated on at 2 centres were included. The training dataset 

consisted of 276 patients. Out of 89 potential predictors, eight variables were selected to train the XGBoost model and 

became the input to the prediction model. The authors also included vegetation features in their model, although they did 

not propose automatic calculation and segmentation. Nevertheless, on the internal test dataset, the AUC (Area Under the 

Curve) was 0.813 (95% CI, 0.670-0.933), and on the external test dataset, the AUC was 0.812 (95% CI, 0.606-0.956). 

The authors’ AUC was significantly higher than that of other ensemble learning models, logistic regression models, and 

the European Cardiac Operative Risk Assessment System II. 

On the basis of this work, an intelligent system was created; materials from [21] were used in its implementation. 

The conceptual approach for the detection system was inspired by papers [22, 23]. 

At present, we have not found any works that would aim to segment and analyse vegetation on echocardiography 

images for the diagnosis of IE, which confirms the relevance of the study. Therefore, the proposed work is unique and 

critically important for the automatic identification and calculation of vegetation volume for their further use in risk 

assessment and diagnosis. 

4. Materials 

The dataset used for the study consists of 668 cardiac images with a specialist-recorded abnormality (vegetation 

and abscess) and 632 “clean” images, a total of 1300 in parasternal and apical projections. Images were extracted 

from 17 echocardiograms in DICOM format. The dataset was provided by the Heart Institute of the Ministry of Health 

of Ukraine and registered on the VIVIDS70-100096 machine. The data was marked up by a PhD with more than 10 

years of experience. 

The original image format was 708 by 1016 pixels with three RGB channels, respectively, and was subsequently 

processed to a single-channel grey image of 512 by 512 pixels with a fixed target area. 
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The images were pre-processed using cropping, normalisation and contrast enhancement techniques. No 

augmentation was used, given that the images were taken from the same angles and under the same conditions. 

An example of images from the dataset is shown in Fig. 1. Fig. 2 depicts the marked training images with 

segmented vegetations. The vegetations are typically seen attached to the heart valves and appear as irregular masses. 

The size ranges from a few millimeters to over a centimeter in length. Some vegetations appear more rounded or oval, 

while others have more elongated, amorphous, or lobulated shapes. The irregular shapes and varied appearances are 

typical due to the nature of the vegetations comprising clumps of infectious material and host tissue responses. 

 

 

Fig. 1. Examples of echocardiograph images 
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Fig. 2. Anomalies (vegetations) detected by specialists on the samples (marked in red) 

5. Methods 

5.1. Problem formulation 

The problem of diagnosing IE is to find active foci (vegetations) in echocardiography images of patients’ hearts. 

The main task is to semantically segment images into two classes: vegetation and background. 

For a dataset (𝑋1 , 𝑌1), … , (𝑋𝑙 , 𝑌𝑙), where 𝑋𝑖 ∈ 𝑅𝑛×𝑛 is the image matrix and 𝑌𝑖 ∈ {0,1}𝑛×𝑛 is a binary mask of 

the same size as the original image, where the matrix element 0 means the absence of vegetation, and 1 means the 

presence of vegetation on a given pixel of the image, to create a classifier f (X) that correctly predicts the binary matrix 

𝑌 ∈ {0,1}𝑛×𝑛 of the new image matrix 𝑋 ∈ 𝑅𝑛×𝑛. 

Referring to the result, it is possible to estimate how significant the set of abnormal pixels is and make a prediction 

about the health of the tissues in the image (Fig. 3). 

 

 

 

 

 



Intelligent Infective Endocarditis Diagnostic System Based on Echocardiography 

110                                                                                                                                                                     Volume 16 (2024), Issue 5 

The main problem for training the model on this dataset is the blurring on the echocardiogram when the heart 

muscle moves. It is also important to consider the complexity of segmentation on data in the low range of the color 

spectrum - target areas with vegetation merge strongly with the background and are easily confused with an artifact in 

the image. 

 

 

Fig. 3. Detection of endocardial tissue abnormalities 

5.2. Modern approaches. CNN and ViT 

The task in the field of computer vision is classified as semantic segmentation. Unlike instance segmentation, this 

type of task is distinguished by its extremely high accuracy and equally high demands on computing resources. Even 

the simplest models require gigabytes of GPU memory, and a certain infrastructure is needed to study such models, so 

currently, AI-based visual information analysis systems in medicine are quite rare. 

Modern classical methods for solving the semantic segmentation problem are deep convolutional models of the 

encoder-decoder architecture (e.g., UNet [24], DeepLabV3+ [25]). However, studies over the past two years have shown 

that new architectures based on transformers, or rather Visual Transformers (ViT) (SegFormer is a special case for the 

semantic segmentation problem), can achieve comparatively better results than classical convolutional models [26, 27], 

including the semantic segmentation task [28]. This is mainly explained by the ability of transformers to study image 

fragments in more detail, due to the mechanism of self-attention. 

Despite that ViTs face several challenges when applied to medical image segmentation. They often require large 

datasets to achieve good performance, which is problematic in the medical field where annotated data is scarce. Addi- 

tionally, ViTs are computationally demanding, needing substantial GPU resources and high memory capacity, making 

them less accessible for institutions with limited computational infrastructure. Their reliance on pretraining on large- 

scale datasets like ImageNet, which may not capture the specific nuances of medical images, further complicates their 

application in this domain. 

5.3. Proposed approach 

5.3.1 Ensemble 

Among the currently existing arrays of segmentation models, this paper proposes to use only CNN-based, 

Transformer- based and their hybrid methods, given the need for accuracy of predictions [29]. Transformer and 

convolutional architec- tural configurations can be too specialised for certain classes of images and perform poorly in 

feature extraction for others. The convolutional operation takes into account only informative features from a certain 

neighbourhood and aggregates them at a high level in the process of deep learning. Transformers on each Multihead-

Attention block build a relevance map for the entire array of pixels in relation to each other [30]. 

An efficient way to combine the calculations and generalization abilities of several models is to use ensembles. In [31, 

32], ensemble methods proved to be the best for the task of medical image segmentation. However, classical ensembles 

cannot always cover and fairly take into account the results of the models, so it was decided to use an ensemble based on 

a meta-model aggregation, aggregation of the mean and maximum [21, 33]. 

The general structure of the ensemble is shown in Fig. 4. 
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Fig. 4. Ensemble method results aggregation pipeline 

5.3.2 Meta-model aggregation 

To improve the capability of the meta-model in aggregating segments from multiple networks, we propose a 

trainable meta-model named pointwise weighted channel aggregation (PWCA). The proposed model consists of single-

layer ma- chine learning model, which contains an W ×H×C tensor of learnable weights, where W and H are the width 

and height of the input masks, and C is the number of models in the ensemble (i.e. the number of channels). It receives 

channel- concatenated mask-probabilities from each individual model-participant of the ensemble as inputes (Eq. 1), 

multiplies them with the pixel-level weights and aggregates its own result (Eq. 2). 

Let Si ∈ {S1, . . . , SN } is a set of segmenters, Pi ∈ {P1, . . . , PK} is a set of pixels; 

 

𝑀𝑘
(𝑖)

= 𝑆𝑘(𝑃𝑖), 𝑀𝑘
(𝑖)

∈ 𝑀𝑘                                                                      (1) 

 

where 𝑀𝑘
(𝑖)

 is the mask value of the k-th segmentor in pixel i; 

 

𝑃𝑊𝐶𝐴𝑗(𝑀𝑗
(1)

, . . , 𝑀𝑗
(𝑛)

) = ∑ 𝑤𝑖𝑗 ⋅ 𝑀𝑗
(𝑖)𝑛

𝑖=1                                                         (2) 

 

That is, in this configuration, we set our own weights for each pixel of the output of each network. The result is 

obtained by performing dynamic pixel-by-pixel weighting of the results of several different models. Fig. 5 shows the 

structure of such an aggregation. 

 

 

Fig. 5. Pointwise weighted channel aggregation structure
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The method requires training of a meta-model based on the comparison of the calculated weighted mask from Eq. 

2 with the reference masks. The training is performed using an error backpropagation algorithm. As a loss function 

Log Loss can be used. 

5.4. Baseline models for comparison 

Among the existing architectures of segmentation models, there are two main approaches - based on convolutional 

networks and based on the attention mechanism (i.e. based on visual transformers - VIT). In addition, there are also 

variants of hybrid networks. Both CNN and ViT-based models were used as models for comparing the results. A total of 

6 base models were used: 

 

1) Unet++ is an architecture based on U-Net. Due to the use of densely connected nested decoder subnets, it 

improves the processing of selected features and, as its authors have studied [34], outperforms U-Net in the 

tasks of medical segmentation of electron microscopy (EM) images, cells, nuclei, brain, liver, and lung 

tumors. 

2) DeepLabv3+ is based on DeepLabv3 and outperforms it by having a simple but effective decoding module 

[25]. 

3) SegTransformer is based on a transformer, which is commonly used for sequence processing tasks such as 

machine translation or text modelling. In the case of segmentation, input images are treated as sequences of 

pixels, and the transformer’s self-attention unit evaluates the relevance of pixels in relation to each other [35]. 

To improve computational efficiency, SegTransformer uses parallel image processing. Instead of processing 

each pixel sequentially, it divides the image into blocks and calculates the interactions within each block and 

between blocks in parallel. One of the key ideas is to use an attention mechanism to model the interaction 

between objects in the image. This helps the model to determine the context of objects and their relationships 

for more accurate segmentation. In fact, it is an adaptation of the visual transformer (VIT) adapted to the 

task of semantic segmentation. It is worth noting that for SegFormer, as for all architectures based on the 

attention mechanism, there is one common problem - the model is worse trained on small samples than 

classical approaches based on the CNN. This problem is especially significant for medical data [36], because 

there is often little of it. 

4) UNETR, or UNet Transformer, is a transformer-based architecture for medical image segmentation that uses 

a pure transformer as an encoder to learn sequence representations of an input dataset [37]. The transformer 

encoder is connected directly to the decoder via a skip connection of different dimensions like U-Net to 

compute the final semantic segmentation output. 

5) MANET is a multiple attention mechanism network based on the use of multiple attention mechanisms, 

which allows the network to process important areas of the image more efficiently, thereby improving 

segmentation accuracy [38]. 

6) PAN - combines an attention mechanism and a spatial pyramid to obtain accurate and concise features for 

pixel labelling instead of complex extended convolution and artificially designed decoder networks [39]. 

5.5. Metrics used 

The following metrics were used to test the accuracy of binary segmentation models. The metrics are standard for 

the segmentation task. 

 

1. Mean intersection over union (mIoU) 

2. F1 (Dice) score 

3. F2 score 

4. Precision 

5. Recall 

 

The formula for IoU: 

 

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision and Recall were calculated as follows: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
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The F1 score was used in the following form with β = 1: 

 

𝐹1 =
(1 + β2) ⋅ 𝑇𝑃 + ϵ

(1 + β2) ⋅ 𝑇𝑃 + β2 ⋅ 𝐹𝑁 + 𝐹𝑃 + ϵ
 

 

where TP is the number of true-positive labels (pixels in the case of segmentation), FN is the number of false-negative 

labels, FP is the number of false-positive labels, ϵ is a very small constant to avoid division by zero, β is the importance 

coefficient of Recall over Precision. For the binary segmentation task, TP, FN, FP were calculated on a pixel-by-pixel 

basis. 

Accordingly, the F2 score was calculated for a coefficient of β = 2. 

5.6. Justification of the model choice for the ensemble. Contribution based on competition 

According to the classical approach, the choice of models to form an ensemble is based on the combination of their 

accuracy and computational cost [40]. That is, it can be represented as a multi-criteria optimisation problem, where the 

value of each criterion is different [41]. The problem with this approach is that there is no assessment of the interaction of 

models with each other, so an additional criterion needs to be introduced - the diversity of models in the ensemble. Their 

inequality is explained by the fact that for models, diversity is more important than their overall accuracy, which can be 

manifested, for example, only on a part of the target dataset. 

Segmentation models, in particular, require modification of this approach to improve the performance of models in 

relation to each other. 

As part of this work, we developed a contribution (for segmenter) based on competition. It consists in jointly 

taking into account the accuracy and diversity of models and ranking them based on their own contribution. In this 

approach, machine learning models ”compete” for each data point and, accordingly, based on the measure of their quality, 

a resulting ranking can be generated for each data point (Eq. 5) and, subsequently, for the entire test dataset (Eq. 6). 

Let Ii be a certain data point, in this case an image,𝐼𝑖 ∈ {𝐼1, … , 𝐼𝐾} - the set of images of the test dataset, Sj - a 

certain segmenter, 𝑆𝑗   ∈ {𝑆1, … , 𝑆𝑁} - a set of segmenters; The task is to calculate the value of the result of the 

segmenter Sj at the data point Ii. The accuracy of the segmenter j at data point i we can see in Eq. 3, Yi is the reference 

mask of data point i. 

 

𝐺𝑗
(𝑖)

= 𝐼𝑂𝑈(𝑆𝑗(𝐼𝑖), 𝑌𝑖)                                                                   (3) 

 

The following relations can be used to calculate the value of the result  𝐺𝑗
(𝑖)

 in comparison with other models. 

Enter the accuracy threshold (for example, 0.5), if the segmenter does not reach it, its score is reset to zero. Scale 𝐺𝑗
(𝑖)

 

relative to the threshold (Eq. 4). 

 

𝐺𝑗
(𝑖)

= (𝐺𝑗
(𝑖)

  −  0.5)  𝑖𝑓 𝐺𝑗
(𝑖)

>  0.5 𝑒𝑙𝑠𝑒 0                                                      (4) 

 

Calculate the rating 𝑅𝑗
(𝑖)

 of the segmenter Sj at data point Ii relative to other segmenters: 

 

𝑅𝑗
(𝑖)

  =  
𝐺𝑗

(𝑖)

∑ 𝐺𝑗
(𝑖)

𝑗∈𝑁   
       (5) 

 

Calculate the overall rating Rj of the segmenter Sj: 

 

𝑅𝑗 = ∑ 𝑅𝑗
(𝑖)

𝑖∈𝐾                                                                            (6) 

 

According to the results, we obtain the ranking of segmenters and proceed to the step of forming ensembles. This 

approach to evaluating models allows us to better take into account the results of models that performed well on data 

points where others performed poorly. In other words, the most accurate models with sufficient diversity are selected, i.e. 

those that cover the majority of the test dataset. 

5.7. Approach to calculating the volume of vegetations 

To calculate the volume, a necessary condition is the presence of echocardiography images in two perpendicular 

projections to create an approximate 3D vegetation map. As a result of segmentation of images from echocardiography 

in two perpendicular planes, we obtained a number of masks: 

Mit is the mask for the ith projection at the moment of time t, 𝑖 ∈ {1,2}; 𝑀𝑖𝑡   ∈  𝑀𝑖 where Mi is the set of masks in 

the i-th projection. 
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The task is to calculate the volume of the intersection of the masks on two planes located in projections 

perpendicular to each other. Note that the area of the mask corresponds to the number of pixels on it in square 

millimeters according to the scale of the image. 

The proposed method for calculating the volume is as follows: each pair of binary masks in the perpendicular 

planes M1t and M2t is considered as projections of some three-dimensional figure. Having the forms of the projections, 

recreate the original figure using the method of constructive stereometry (Boolean intersection of two three-dimensional 

figures). The number of points in which corresponds to the desired estimate of the vegetation volume at time t. 

 
 

Algorithm 1: Algorithm for calculating the optimal position of masks  

Input: Two binary masks M1 and M2, both with shape (n, n)  

Output: best_rotation, best_shift 

1 Find the top, bottom, left and right boundaries for each mask; 

2 Combine them as min(top1, top2), max(bottom1, bottom2), min(left1, left2) and max(right1, right2) to obtain the 

smallest rectangular region that covers both masks - (n1, n2); 

3 Maximum intersection value max_ overlap ← 0; 

4 Shift value for the best result best_shift ← (0, 0); 

5 Angle value for the best result best_angle ← 0; 

6 Current shift value current_shift ← (0, 0); 

7 Current angle value current_angle ← 0; 

8 Shift directions directions ← [(−1, 0), (1, 0), (0, −1), (0, 1)]; 

9 Rotation angles angles ← [0, 90, 180, 270]; 

10 Number of iterations of the algorithm i ← 50; 

11 Acceptable number of iterations without improvements staying_in_place ← 10; 

12 while True do 

13 improved ← False; 

14 forall direction ∈ directions do 

15 new_ shift ← (current_ shift[0] + i × direction[0], current_ shift[1] + i × direction[1]); 

16 forall angle ∈ angles do 

17 rotated_ mask2 ← rotate(mask2, angle); 

18 shifted_ mask2 ← shift(rotated_ mask2, new_ shift); 

19 overlap ← max ((mask1 ∧ shifted_mask2).sum()); 

20 if overlap > max_ overlap then 

21 max_ overlap ← overlap; 

22 best_ shift ← new_ shift; 

23 best_angle ← angle; 

24 improved ← True; 

25 end 

26 end 

27 end 

28 if improved then 

29 current_ shift ← best_ shift; 

30 current_ angle ← best_ angle; 

31 end 

32 else 

33 if i ̸= 1 then 

34 i ← i − 1; 

35 end 

36 else 

37 staying_in_place ← staying_in_place − 1; 

38 if staying_ in_ place == 0 then 

39 break; 

40 end 

41 end 

42 end 

43 end 
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First, consider two important factors: (1) Frames from two different projections may not be synchronized under 

certain conditions. However, in our case, the echocardiograph recording was conducted starting from the same phase of 

the heart for two projections. (2) Two projections relative to each other may have some offset that needs to be corrected. 

For this, the following algorithm 1 was developed, which searches for the necessary transformations for M2t relative to 

M1t: 

After obtaining the transformations, we apply them to the binary mask M2t and calculate their intersection of both 

masks in the three-dimensional coordinate system [42]. A visualization of the result can be seen in Figure 6. 

 

 

Fig. 6. 3D visualization of vegetation 

Since one voxel of a figure corresponds to one square millimeter, the volume of the figure itself will correspond to 

the number of voxels of which it consists. 

The general algorithm for calculating the volume will look like this: 

 

a). We generate masks Mit for each of the two types of heart echos (i = 1 or 2) at a certain time t. 

b). These masks show the areas of the image that interest us, and they are in two perpendicular planes. 

c). The area of the mask is measured in square millimeters and depends on the number of pixels on it. 

d). We apply the algorithm 1 to the mask M2t to align it with the mask M1t. 

e). Each pair of masks M1t and M2t from two planes is considered a projection of some 3D figure in a three- 

dimensional coordinate system. We apply constructive solid geometry and obtain a set of voxexls that 

recreate this figure. 

f). One voxel in a three-dimensional model corresponds to one square millimeter. The volume of the model is 

equal to the number of such cubes. 

6. Results 

6.1. Peculiarities of learning 

The initial sample of 1300 images of 17 patients were evenly divided into three samples: training (800 images of 

12 patients, 61.5%), validation (200 images of 3 patients, 15.5%), and test (300 images of 5 patients, 23%). All 

samples contain images from different patients to prevent data leakage and correctly estimate the generalization of the 

model. 

The RTX 4090 graphics card was used to train the models. Training was performed in batches of 16 images with 

the Adam optimiser. Dice loss was used as a loss function. The learning rate was reduced when there was no change in 

the validation loss. The training was performed up to 200 epochs and stopped if the validation loss did not drop for more 

than 10 epochs. 

6.2. Results of the proposed approach 

Table 1 shows the results of the proposed architecture in compared to other approaches on the test sample. 
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Table 1. Results of the segmentation approaches on the test dataset 

Approach Encoder IoU F1 (Dice) F2 Precision Recall
 

Number of 

parameters 

UNet++ ResNet34 0.5973 0,7428 0,8043 0,8512 0,6589 26.1 M 

DeepLabV3+ ResNet50 0.7091 0,8248 0,842 0,8539 0,7976 26.7 M 

SegTransformer Mit_b2 0.5612 0,7193 0,762 0,7934 0,6578 27.3 M 

UNETR Mit_b2 0.6002 0,7481 0,7947 0,8291 0,6815 27.5 M 

MANETR Mit_b2 0.5872 0,7403 0,7845 0,8171 0,6767 35.0 M 

PAN ResNet50 0.6783 0,8113 0,8385 0,8576 0,7698 24.3 M 

 

According to the results of calculating the contribution based on competition, a ranking of networks was formed. 

The summarised are shown in Table 2. 

Table 2. Ranking of networks based on competition 

Approach    Individual Contribution 

SegTransformer 64.0603 

DeepLabV3+ 61.8607 

PAN 47.7629 

UNETR 43.9673 

MANET 36.8912 

UNet++ 32.4574 

 

Figure 7 shows a visualisation of the results of the competition-based contribution for each data point. 

 

Fig. 7. Visualising the results of a competition-based contribution 

Table 3 shows the results obtained by the ensembles of networks on the test sample using the DeepLabV3+, 

SegFormer and PAN models; these networks showed the best results in the individual contribution ranking. 

Table 3. Results of model aggregation in an ensemble 

Aggregation types IoU F1 (Dice) F2 Precision Recall 

Average 0.6975 0.8218 0.7961 0.8688 0.7796 

Maximum 0.6961 0.8207 0.8443 0.7844 0.8607 
Meta-model PWCA 0.7822 0.886 0.8891 0.8912 0.8810 
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Having received the trained models and their results for images in two perpendicular planes, we can calculate the 

volume. At stage 1, we calculate vegetation masks of two echocardiography images in perpendicular planes. At stage 

2, we construct projections of masks in 3D space and use algorithm 1 to find their best position. The projections of 

the masks in 3D space are shown in blue and yellow, and their intersection is shown in red. At stage 3 we extract the 

intersection of the 3D projections of the masks and calculate its volume based on knowledge of the size of single voxel in 

cubic millimeters. An example is shown in Figure 8. 

 

 

Fig. 8. Example of volume calculation 

7. Discussion 

The results in Table 1 show a significant dominance of classical segmentation methods based on convolutional 

neural networks over hybrid networks that include a transformers architecture. However, according to the results in 

Table 2, it can be generalised that transformers networks can better cover the target sample and are able to ensure the 

stability of the results. 

It can be concluded that transformers approaches need to be further refined and developed to be applied to the 

health- care sector. Most medical images require the network to pay close attention to the texture features of the input 

data, and based on research, transformers model configurations are poorly adapted to this. 

An analysis of existing work has shown that transformers require a substantial sample size for effective training, so 

we can assume that the worst results are precisely related to this. 

Ensemble aggregations in this work did not significantly affect the result and showed controversial efficiency. 

How- ever, the meta-model we proposed showed a large boost in results and its relevance. 

8. Conclusion 

In this paper, for the first time, an approach to solving the problem of determining the size of vegetations using the 

example of infective endocarditis based on the results of segmentation of cardiac echocardiography using neural networks 

was developed. 

We investigated CNN and hybrid neural network models based on modern visual transformers for segmenting 

vegeta- tions on echocardiographic images for their further analysis. For the tested methods, the following segmentation 

accuracy was achieved: iou 0.7822, dice score 0.886. 

The analysis of the results showed a significant advantage in accuracy of the DeepLabV3+ model compared to 

other CNN and VIT models. According to the results of this study, other model configurations, although slightly behind, 

also have significant potential and require careful research. The pointwise weighted channel aggregation method we 

proposed showed the best results in terms of ensemble. 

As part of this work, we developed our own criterion for selecting models for the ensemble - a contribution based 

on competition. 

For the first time, the volume of vegetation was calculated using the theory of constructive solid geometry. The 

obtained results of segmentation models indicate a great potential for research into the problem of segmentation of vege- 

tations in echocardiography images. The result of the work is a full-fledged approach to diagnostics, the implementation 

of which, using available clinical resources, allows for increasing the efficiency and accuracy of detection of IE and other 

diseases accompanied by the occurrence of vegetations at different stages of the disease, contributing to faster and more 

accurate treatment of patients. 
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The limitation of this approach is the low specialization of the finished system for different clinical cases, due 

to the difficult process of producing a training dataset. That is, such a system will pay attention to any anomalies of the 

endocardium, including endocarditis. 

This work opens up new perspectives in the application of artificial intelligence and computer vision for the 

diagnosis of infective endocarditis, making this area open for further research and development. 
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