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Abstract

Pulmonary Hypertension (PH) is associated with car-
diopulmonary disease and carries strong prognostic in-
formation. Its accurate diagnosis is based on invasive
procedures such as right-sided heart catheterization. Al-
ternative non-invasive approaches rely on Doppler imag-
ing, where signal quality may impede correct readings
potentially limiting its clinical value. In this study, we
propose an automated approach for the quality assess-
ment of Doppler signals using a convolutional neural net-
work (CNN). The CNN was trained on echocardiographic
Doppler images and their quality was assessed by 2 in-
dependent expert readers. The dataset was subjected to
preprocessing and augmentation techniques to enhance
model resilience and generalization. Leveraging the VGG-
16 architecture, the CNN demonstrated an accuracy of
86%, sensitivity of 86%, precision of 88%, and F1-Score
of 86% on the test set. The CNN showed improved accu-
racy, recall, and F1-score as compared to an unseen clini-
cal reader assessment. The results emphasize the variabil-
ity in clinical reader assessment, such that automated as-
sessment may prove highly clinically useful in the future.
In this way, deep learning-driven image quality assess-
ment could enhance diagnostic accuracy, reduce practi-
tioner variability, and streamline patient care in PH man-
agement.

1. Introduction

Pulmonary Arterial Hypertension (PAH) is a condition
identified by high pressure in the pulmonary artery, affect-
ing approximately 1% of the global population across all
age groups, underscoring PH as a significant global health
concern [1, 2]. Today, PH is clinically managed to reduce
symptoms and improve the quality of life of affected pa-
tients. If the cause is identified and treated early, perma-
nent damage to the pulmonary vascular bed may poten-
tially be avoided [3].

Accurate diagnosis and classification often rely on right-
sided heart catheterization (RHC), which is considered
the gold standard [3]. However, the invasive nature of
RHC, which involves catheter insertion into the pulmonary
artery, limits its practicality[1, 4]. Therefore, there is a
pressing need for noninvasive methods to reliably assess
pressure, enabling prompt diagnosis [4]. Doppler echocar-
diography serves this purpose by non-invasively indicat-
ing PH via measurement and analysis of maximal veloc-
ity (Vmax) in tricuspid regurgitation (TR) flow signals [5]
(See Figure 1).

Figure 1. Doppler Echocardiography imaging. Acquired
images can be used for Right atrial pressure (RAP) and
maximum flow velocity (Vmax) estimation.

High user dependence of the signal quality across
Doppler acquisitions, results in high variability of the re-
liability. In turn, this limits the clinical application of
non-invasive assessment of PH using non-invasive Doppler
echocardiography. Regardless of the reader’s expertise, in-
terpreting velocities from low-quality signals in Doppler
imaging poses a greater risk of misdiagnosis. Hence, as-
sessment of quality metrics before interpretation of the sig-
nal is likely to mitigate some of the user-dependency [6].

Concurrently, recent advancements in machine learn-
ing, particularly in deep learning, are making it easier to
identify, classify, and quantify patterns in medical images
[7]. Deep learning techniques such as Convolutional Neu-
ral Networks (CNNs) have been utilized to develop ad-
vanced models for image quality assessment [8]. Given
that a meaningful interpretation of the TR flow has the po-
tential to expedite an earlier diagnosis for PAH, machine
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Figure 2. Detecting Maximum Velocity(Vmax). The qual-
ity of normalized TR Doppler signal (normalization based
on the RR interval and maximal flow velocity) is classified
across a 5-point Likert scale.

learning tools could provide meaningful support in rapid
quality stratification. In this exploratory work, we propose
a CNN as a quality screening tool for echocardiographic
TR Doppler images and evaluate its performance against
two independent expert readers.

2. Methods

2.1. Data

In this study, 371 Doppler echocardiography images
from retrospectively enrolled patients from the Vera Moul-
ton Wall Center for Pulmonary Vascular Disease obtained
between 2003 and 2022 were used. The approval for
this study was granted by the Institutional Review Board
of Stanford University, and it was carried out under the
Cardio Share protocol (IRB25673). The images were
acquired by the Philips IE33 ultrasound system using
Doppler continuous-wave echocardiography. For prepro-
cessing, TR Doppler waveforms were segmented into indi-
vidual waves using the ECG signal and standardized based
on the RR interval based on an established pipeline [9].
The reshaped image was accompanied by the correspond-
ing label of image quality employed for the deep learning
model (see Figure 2).

According to the American College of Physicians, the
grading scale for the quality of the TR signals is reported
according to a 5-point Likert scale as follows: 5/4 (ex-
cellent quality with peak and transition phases well/not-
optimally visualized), 3 (peak not clearly visualized but
signal post-transition zones and interpolation possible clin-
ically), 2/1 (peak not visualized and isovolumic signal
seen/not seen). In our study, image classes were combined
(see Figure 2) to balance the number of images per class
without losing clinical relevance.

Two datasets were available. The first set was used for
test and validation and includes 223 echocardiography im-
ages which classified by expert level III reader (Obs 1).
We dedicate 190 images of the images (85%) for training
and 33 images (15%) for validation. The test set comprises
148 images that have been classified by two readers (an in-
dependent reader(Obs 2) and the same reader as the train

set(Obs 1)) with expert level III.
Acknowledging the presence of class imbalance, over-

sampling techniques were employed within the training
dataset, focusing on increasing the representation of under-
represented classes using a weighted random sampler.
Data augmentation techniques were also applied to train
dataset such as random color jitter, which helps the model
learn to recognize objects from different viewpoints and
also increase the number of samples in the train set. Us-
ing these techniques enhances the model’s resilience and
generalization through exposure to a diverse and balanced
training set.

Cross-validation with five folds was used to provide a
more robust estimate of the model’s performance com-
pared to a single train-validation split.

2.2. Architecture

To construct our deep learning model, we employed the
pre-trained VGG-16 architecture, a widely adopted convo-
lutional neural network (CNN) renowned for its effective-
ness in image classification tasks [10]. The architecture is
depicted in Figure 3.

Figure 3. Architecture of the VGG-16. It takes the input
image with the size of 224x224x3 pixels and then goes
through 13 convolution layers and 3 fully connected layers,
a ReLU and the Softmax activation function.

To train our model, we froze the convolutional layers
of the pre-trained VGG-16 model which is trained on the
ImageNet dataset. This decision was made to leverage
the powerful feature extraction capabilities of the network
while fine-tuning the model to suit the unique characteris-
tics of our Doppler image dataset. Notably, despite freez-
ing the convolutional layers, we left the batch normaliza-
tion layers trainable because our dataset samples had dis-
tinct characteristics compared to the ImageNet dataset, on
which VGG-16 was originally trained. The Cross-entropy
loss function was used as the objective loss in the final
layer to optimize the model for image classification. The
deep learning model was implemented in PyTorch, using
Python programming language.

The Adam optimizer was chosen as the optimizer for
the model, with a learning rate of 0.001. This learning
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rate was selected to optimize the model parameters and
improve performance over time by comparing the model
performance on the validation set.

2.3. Evaluation

We used the test set to evaluate our model performance
on unseen data and compare against expert performance
(Obs 1, Obs 2). Classification accuracy, precision, recall
and F1-score of the model were evaluated in the unseen
test set. The metrics are defined as follow:

Classification Accuracy =
TP + TN

#AllSamples
(1)

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1− score =
2× Precision×Recall

Precision+Recall
(4)

Additionally, Cohen’s kappa statistical analyses was
performed. The results Cohen’s kappa analyses was in-
terpreted as described here [11] (Kappa = 1 being a perfect
agreement).

3. Result

The progression of training, validation loss, and accu-
racy across epochs during the model training process suf-
ficiently converged (Figure 4).

Figure 4. VGG-16 training. (A) changes in loss dur-
ing training in both the training and validation loss. (B)
changes in accuracy during training in validation set.

The performance of the CNN model against Obs 1 and
Obs 2 was evaluated (Table 1).

The model performed well when compared to the sec-
ond observer for all the metrics, when compared to the
inter-reader results. This shows the accuracy 86% which
was higher than the accuracy between two observers. The
model performance against the second observer implies
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CNN& Obs 1 0.70 0.71 0.70 0.65 0.39
CNN& Obs 2 0.86 0.88 0.86 0.86 0.57
Obs 1& Obs 2 0.71 0.87 0.71 0.76 0.42

Table 1. Accuracy, Precision, Recall, F1-Score, Kappa

also a higher degree of reliability than the case of hu-
man observer as the precision was 88%. The area un-
der the ROC curve (AUC) score of the model against
the two observers was calculated and shows the model is
quite effective at distinguishing between classes than ob-
server 2(AUC Score = 89%) and also suggests reasonably
well discrimination ability against observer 1(AUC Score
= 78%).

The confusion matrix shows the high general perfor-
mance and the variability in our two clinical observers,
when assessed against our CNN model. In both cases the
model predicted more images to be of high quality (class 4
and 5) than the expert readers. Observer 1 was even more
critical and labeled more images to be of very low quality
(class 1 and 2).

Figure 5. Confusion Matrix. (A) confusion matrix of ob-
server 1 . (B) confusion matrix of observer 2

4. Discussion

Quality assessment in echocardiography plays a crucial
role in improving the interpretation of TR images by en-
abling accuracy and reliable image readings. Clear and
high-quality images can provide the clinician with better
visualization of the TR Doppler signal, leading to more
accurate interpretation with higher confidence of the pres-
sure, indicating PH[6]. Interpolation approaches for pres-
sure estimation have previously been attempted, but re-
main reliant on high quality images[9]. An automatic qual-
ity assessment could potentially improve confidence and
reduce the likelihood of misinterpretations due to artifacts
or technical limitations. This, in turn, enables clinicians to
make more informed decisions regarding PH patient man-
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agement and possible interventions.
At this stage of development, our CNN model accuracy

is promising, despite low number of images. As the re-
sults show the model performed better or same for all the
metrics against the second observer as compared to the
inter-observer agreement. Our results suggests that we
can provide clinicians with a meaningful and quick pre-
assessment as to whether the signals should be discarded
and the measurement repeated.

As study shows the interobserver agreement between
developed model and human observer was better than com-
parison of both observers. This highlights the clinical need
for standardized and automated pre-screening of images to
maximize usage of non-invasive Doppler images for as-
sessment of PH. The higher image quality ratings of our
model with respect to signal quality (especially compared
to Obs 1) may be of concern, as it may lead to usage of
low quality images in clinical practice. Final clearance of
the automatically labeled high quality images by a highly
trained clinician will remain necessary to ensure valid as-
sessment.

The quality assessment discussed in the study by Dong
et al. [12] highlights the importance of domain specificity
in evaluating image quality. Different fields may prioritize
varying attributes based on their specific requirements and
objectives. The study’s quality assessment relied on a com-
mon 5-point Likert scale informed by expert clinical read-
ers. Nevertheless, there’s uncertainty regarding whether
this criterion aligns precisely with what the network eval-
uates or if the network assesses other parameters. Further
exploration and validation of the network’s assessment cri-
teria against established grading scales may be warranted
to enhance the robustness and validity of future research in
this area.

Despite the study’s small number of images, the CNN
model performed well which demonstrates the potential of
automated quality assessment. However, further improve-
ments are needed for clinical use. Increasing the number
of images could enhance the consistency of the model and
allow for increased understanding of parameters used by
the model. It might be useful to consider including more
observers in the training and validation data to ensure in-
clusion of a broad range of clinical views. Furthermore,
expanding the training dataset would afford greater oppor-
tunity for fine-tuning various layers of the network and ex-
ploration of different architectures and hyperparameters.

In summary, this study shows the potential of deep
learning to automatically predict quality assessment of TR
Doppler echocardiography images.
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