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Abstract. This work presents the development of an interactive web platform 
that integrates deep learning techniques for the segmentation of cardiac ultra-
sound (echocardiogram) images. The platform incorporates a Picture Archiving 
and Communication System (PACS) to facilitate the seamless visualization, anno-
tation, and automated processing of DICOM images. The web platform features 
an intuitive interface that allows healthcare professionals to interactively annotate 
medical images, providing feedback that directly informs model improvements. 
The system’s retraining workflow ensures that AI-driven segmentation remains 
adaptable to real-world clinical needs. These findings underscore the importance 
of iterative AI model refinement through expert feedback, paving the way for more 
reliable and personalized medical image analysis. 
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1 Introduction 

Medical image analysis and diagnosis are fundamental pillars of modern medicine. 
Techniques such as computed tomography (CT), magnetic resonance imaging (MRI), 
positron emission tomography (PET), and ultrasound (US) provide doctors with 
detailed visual information about the human body, enabling early disease detection, 
treatment monitoring, and surgical planning. These techniques have transformed the 
approach to many diseases, increasing diagnostic precision and significantly 
improving patient outcomes.
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The advancement of artificial intelligence (AI) technologies has added a new dimen-
sion to this field, revolutionizing medical image interpretation [1, 2]. Machine learning 
algorithms, based on deep neural networks, can analyze vast amounts of image data, 
identify complex patterns, and offer accurate and rapid diagnoses that often surpass 
human capabilities. The integration of these algorithms in radiology has substantially 
improved the detection of lung nodules, tumor identification, and retinal disease analysis. 

This project builds on previous work carried out through the CARTIER-IA [3] plat-
form, a program focused on the research and development of advanced AI technologies 
applied to healthcare. CARTIER-IA aims to foster collaboration between academic insti-
tutions, hospitals, and tech companies to drive innovations that improve disease diagnosis 
and treatment using AI. 

The main goal of this work is to develop an interactive web platform designed to 
assist healthcare professionals in the visualization, annotation, and analysis of DICOM 
images, thereby enhancing multidisciplinary collaboration and medical feedback. This 
interactive web platform also acts as a Picture Archiving and Communication System 
(PACS) [4, 5], where health professionals can directly send the images to the node to be 
automatically processed by the available AI scripts. 

The specific objectives of this project include (a) creating an intuitive interface that 
allows doctors to efficiently access and analyze DICOM images; (b) implementing anno-
tation tools that facilitate feedback and collaboration among healthcare professionals; 
and (c) integrating an AI model based on the UNET architecture [6], specifically trained 
for cardiac image segmentation to accurately identify and segment anatomical structures 
such as the left ventricle, left atrium, and myocardium in cardiac ultrasound images. 

To evaluate the performance of the UNET model and its adaptability to new anno-
tations, three different retraining experiments were conducted. The results of these 
experiments demonstrated that including a greater number of images from the orig-
inal dataset along with new annotations improves the model’s generalization ability, 
significantly reducing overfitting. 

The rest of this paper is organized as follows. Section 2 details the methodology fol-
lowed to implement the web platform, the PACS server, and the AI integration. Section 3 
presents the platform and the results of the experiments. Finally, Sect. 4 discusses and 
concludes this work. 

2 Methodology 

The methodology is structured in several sections covering the implementation of the 
web interface, the procedures for connecting with the PACS server, and the training and 
retraining of the UNET neural network. 

2.1 Web Development 

To implement the web platform, a framework for developing web applications in Python 
(Django) was used to provide easy compatibility with Python algorithms, allowing for the 
effective integration of artificial intelligence models and image-processing techniques 
used in this project.



For the visualization and annotation of DICOM images, the Cornerstone1 framework, 
specialized in medical image visualization, was integrated. This framework enables 
interactive visualization of DICOM images as well as their annotation and manipulation. 
However, working with this framework presented significant challenges due to its scarce 
and complex documentation and incompatibilities between its versions. 

The web platform has been designed to be intuitive and easy to use, ensuring that 
doctors can quickly access relevant information and make annotations efficiently. The 
interface was developed using HTML, CSS, and JavaScript to ensure a smooth and 
responsive user experience. Django’s framework handles the backend of the application, 
managing requests and serving the necessary data for each view. 

2.2 DICOM Image Processing 

To allow integration with medical imaging workflows, a custom PACS (Picture Archiv-
ing and Communication System) server was implemented using the pynetdicom and 
pydicom Python libraries. The PACS server supports core DICOM operations including 
C-ECHO, C-STORE, and A-ASSOCIATE, enabling secure image storage and retrieval. 

The PACS server acts as a centralized receiver and repository for DICOM files, 
allowing physicians to upload images from ultrasound machines or other diagnostic 
systems. The communication flow between image acquisition and storage in the PACS 
follows the standard DICOM protocol, involving additional steps that can be consulted 
in previous research [7]. 

2.3 Neural Network Configuration 

The primary goal of the neural network is to segment the left ventricle, left atrium, 
and myocardium in 2D and 4D thoracic ultrasounds (echocardiograms). The UNET 
architecture was chosen for this task due to its proven capability to perform precise 
segmentations in biomedical images. UNET can identify complex patterns such as edges, 
circular segments, and textures, making it particularly suitable for the segmentation of 
anatomical structures in medical images. 

The initial training of the network was conducted using images from the CAMUS 
database2 , which focuses on using deep learning techniques for the segmentation of 
thoracic ultrasounds (echocardiograms) in 2D, particularly the left ventricle (LV), left 
atrium (LA), and myocardium (MYO). A total of 600 images were used, split as follows:

• 70% for training
• 15% for validation
• 15% for testing 

Images were resized to 384 × 384 pixels, normalized to a [0,1] range, and segmented 
masks were generated for multi-class output. Images were selected based on quality and 
availability of annotations, ensuring diversity in patient cases. 

The network uses a symmetrical encoder-decoder structure with skip connections:
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• The input resolution is 384 × 384 pixels.
• The encoder contains six convolutional blocks, with increasing filter sizes up to 320.
• The decoder mirrors this structure with upsampling and concatenation steps.
• The final layer applies a 1 × 1 convolution with softmax activation to classify pixels 

into four classes: background, LV, LA, and MYO. 

To quantify the fit of the prediction generated by the network to the ground truth 
segmentation, several metrics can be used. The most common ones include precision, 
recall, F1-score, and Dice coefficient. In this project, the Dice coefficient was chosen as 
the main metric because it is especially useful in image segmentation problems. This 
metric quantifies the overlap between the predicted and real segmentation, providing a 
clear and direct evaluation of the segmentation quality. 

Additionally, to achieve the best network performance, it is necessary to select an 
optimal optimizer algorithm. The most common optimizer algorithms include Stochastic 
Gradient Descent (SGD), RMSprop, and Adam, with the latter being selected for this 
project due to its robustness, efficiency, and adaptability. 

2.4 Retraining 

The retraining of the neural network is a crucial phase in the system’s development, 
allowing the model to be adjusted and improved based on new annotations made by 
doctors. The network must be capable of learning using the images and annotations 
provided by physicians as ground truth, as shown in Fig. 1. This continuous learning 
process ensures that the model remains updated and optimized for the specific needs of 
the clinical environment. 

Fig. 1. Workflow of the retraining process.



To evaluate the performance and adaptability of the UNET model to new annotations, 
three distinct retraining experiments were conducted. Each experiment used different 
proportions of original data and new annotations to improve the model’s generalization 
capability.

• First Experiment: Involves retraining the model solely with 25 annotations made on 
the same image. The objective is to observe how the model adjusts to a small, highly 
specific dataset and evaluate the risk of overfitting.

• Second Experiment: Retrains the model using the 25 annotations mentioned above 
along with an equal number of images from the original training dataset. This aims 
to verify whether the inclusion of original data helps maintain the model’s prior 
knowledge while integrating new information.

• Third Experiment: Similar to the second experiment, but using twice the annotations 
along with the original training dataset images. This experiment seeks to evaluate if a 
greater number of annotations improves accuracy without compromising the model’s 
prior knowledge. 

These experiments demonstrated that including images from the original 
dataset along with new annotations significantly improves the UNET model’s gener-
alization ability, reducing overfitting. 

3 Results 

The platform allows users to explore different images following the DICOM structure. 
Once a study is selected, the editor view, represented in Fig. 2, presents the main data 
of the patient and the study in question. Here, two versions of the DICOM image are 
shown: the original and the one processed by the UNET network. 

The view allows interactive annotation on both images, thus facilitating the segmen-
tation task for the doctor. The interface also supports the visualization and annotation 
of multi-DICOM images, navigating through different images using a slider. The right 
side of the screen shows the annotations taken on that image. 

The retraining experiments were conducted on three different DICOM images, 
labeled ‘E’, ‘F’, and ‘G’. Figure 3 shows these images in their original format along 
with the segmentations predicted by the original model version. 

The batch of 25 annotations used for the experiments corresponds to the DICOM 
image ‘G’. Therefore, images ‘E’ and ‘F’ were never used for training or retraining and 
were instead part of the validation set. Figure 4 illustrates the specific annotation used 
in these experiments. 

As seen in Fig. 4, the segmentation has been modified so that the left ventricle (red 
segment) is slightly larger, the right atrium (purple segment) is also larger and fits the 
actual shape, making it less circular, and the myocardium (green segment) is noticeably 
narrower. These annotations are stored in JSON format, which is later adapted to match 
the input of the Cornerstone tools that generate the segmentation. 

For each experiment, three figures were obtained (as shown in Figs. 5, 6, and 7, 
corresponding to experiment 2), each corresponding to one of the images. These figures 
represent four independent segmentations showing the predictions made by the sys-
tem after retraining with different batch size and epoch values. Each segmented image



Fig. 2. DICOM viewer and editor 

Fig. 3. Original model prediction. 

obtained with each configuration shows the final retraining value characterized by the 
multiclass Dice metric. 

The retraining experiments demonstrated the effectiveness of including new anno-
tations to improve the UNET model’s generalization ability:

• Experiment 1: Used a limited dataset, revealing overfitting issues. Predictions for 
images ‘E’, ‘F’, and ‘G’ showed significant discrepancies from the real segmentations.

• Experiment 2: Included a greater number of images from the original dataset along 
with new annotations, improving the model’s generalization. Predictions for images 
‘E’, ‘F’, and ‘G’ were more accurate.

• Experiment 3: With a 2:1 proportion of images from the original dataset to annota-
tions, it achieved a balanced adaptation, significantly reducing overfitting. Predictions 
for images ‘E’, ‘F’, and ‘G’ showed high concordance with real segmentations.



Fig. 4. Annotation used for the different experiments. 

Fig. 5. Predictions obtained for image ‘E’ in experiment 2.



Fig. 6. Predictions obtained for image ‘F’ in experiment 2. 

Fig. 7. Predictions obtained for image ‘G’ in experiment 2.



4 Discussion and Conclusions 

The UNET architecture has proven to be highly effective in medical image segmentation 
tasks due to its ability to capture both local and global features of images. In this study, 
the results have shown high precision in the segmentation of specific cardiac structures, 
with Dice coefficient values close to 1.0 in many cases. More than eighty previous 
studies identified during the mapping stage have also used the UNET architecture and 
its variants for the segmentation of MRI and CT images, achieving similar results in 
terms of precision and generalization capacity. Our results are consistent with these 
studies and confirm the robustness of the UNET architecture for cardiac ultrasound 
image segmentation. 

The three experiments conducted in this study have been fundamental in understand-
ing the influence of different training data configurations and parameters on the model’s 
precision. Experiment 1 demonstrated an excessively high precision and a clear case 
of overfitting. Experiment 2 improved the model’s generalization capacity and showed 
more realistic precision values. Experiment 3 achieved a balanced adaptation, signifi-
cantly reducing overfitting. These experiments demonstrated that the inclusion of images 
from the original dataset allows for better adaptation of the model to new annotations. 

The retraining of the model with different batch size and epoch configurations showed 
that these hyperparameters have a significant influence on segmentation precision. A 
larger batch size allows the model to learn more robust patterns and stabilize the training 
process, although it also increases the risk of overfitting if not properly managed. A 
greater number of epochs allows the model to better adjust to the training data but also 
introduces the risk of overfitting. The results obtained demonstrate that retraining the 
UNET network with additional annotations and a larger number of images from the 
original dataset significantly improves segmentation precision. 

These findings underline the importance of using varied datasets and appropriate 
training configurations to develop robust and precise segmentation models. The choice 
of retraining approach should be decided when the project enters the production phase, 
depending on the medical specialists’ evaluation of the initial segmentation. If the initial 
segmentation is not very precise, faster training will be required, and the strategy from 
experiment 2 will be implemented; if it is quite precise, the strategy from experiment 3 
will be implemented. 

In terms of future directions, it is suggested to explore the integration of other artificial 
intelligence models and visualization frameworks that can complement and improve the 
current capabilities of the platform. Additionally, more extensive validation in real clini-
cal environments will be essential to ensure that this platform can meet the requirements 
and expectations of healthcare professionals in daily practice. Continuously improv-
ing the model’s precision and robustness through the use of more varied datasets and 
advanced retraining techniques will be crucial for the project’s continued success. 
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