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Abstract. Tracking the tricuspid valve (TV) in magnetic resonance
imaging (MRI) long-axis cine images has the potential to aid in the
evaluation of right ventricular dysfunction, which is common in congen-
ital heart disease and pulmonary hypertension. However, this annota-
tion task remains difficult and time-demanding as the TV moves rapidly
and is barely distinguishable from the myocardium. This study presents
TVnet, a novel dual-stage deep learning pipeline based on ResNet-50 and
automated image linear transformation, able to automatically derive tri-
cuspid annular plane systolic excursion. Stage 1 uses a trained network
for a coarse detection of the TV points, which are used by stage 2 to
reorient the cine into a standardized size, cropping, resolution, and heart
orientation and to accurately locate the TV points with another trained
network. The model was trained and evaluated on 4170 images from 140
patients with diverse cardiovascular pathologies. A baseline model with-
out standardization achieved a Euclidean distance error of 4.0 ± 3.1 mm
and a clinical-metric agreement of ICC = 0.87, whereas a standardized
model improved the agreement to 2.4 ± 1.7 mm and an ICC = 0.94, on
par with an evaluated inter-observer variability of 2.9 ± 2.9 mm and an
ICC = 0.92, respectively. This novel dual-stage deep learning pipeline
substantially improved the annotation accuracy compared to a baseline
model, paving the way towards reliable right ventricular dysfunction as-
sessment with MRI.

Keywords: Right ventricular dysfunction · Cine MRI · Annotation ·
Residual neural networks.
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1 Introduction

The analysis of the tricuspid valve (TV) motion provides anatomic and func-
tional evaluation of the right ventricle (RV) [1]. Compared to the left ventricle,
whose functional evaluation is paramount in the diagnosis of cardiovascular dis-
ease, the RV involvement in conditions such as pulmonary hypertension and
congenital heart disease, and the high prognostic value of RV function evalu-
ation are often overlooked [2]. The maximal longitudinal displacement, known
as tricuspid annular plane systolic excursion (TAPSE), and the annular early
diastolic velocity (RV e’) are commonly evaluated in echocardiography to assess
right ventricular dysfunction [3]. However, this imaging modality can be lim-
ited by the dependency of image quality on beam angle [4] and influenced by
translational motion [5].

Magnetic resonance imaging (MRI) is a more reproducible imaging modal-
ity and is considered the reference standard for cardiac volume assessment. Its
accuracy and reliability serve as a promising tool for serial examinations of RV
function [6]. Although MRI would never be performed just to measure TAPSE
or RV e’, developing its capability to do so is important as these parameters can
be assessed retrospectively from standard cardiovascular cine images acquired
systematically in clinical practice. Furthermore, this analysis of both mitral and
tricuspid valve motion by MRI has been shown to be reliable and to provide an
evaluation of both systolic and diastolic function [7,8]. However, their measure-
ment requires a precise annotation in the valve insertion points in every temporal
frame of a long-axis cine, typically consisting of 30 temporal frames, which is
time-demanding and prone to errors [9]. Although some progress has been made
to semi-automatically track the valve insertion points in these images [10, 11],
a fully automated, fast, and accurate method for tracking the TV points using
standard clinical MRI images is lacking.

The variability of long-axis views of the heart in orientation and location
within the cine image is one obstacle towards precise automated identification
of the TV points. We addressed this using a novel two-stage framework with
an intermediate automated linear transformation task. A first trained neural
network produces coarse annotation, which in turn is used to fully standardize
the image with respect to size, centering, and rotation. A second network is
then used to precisely annotate in these preprocessed images, to automatically
track the tricuspid valve insertion points and derive TAPSE and RV e’ on par
with expert human-level performance. This method, trained and validated in
a diverse population of 140 patients, showed an excellent agreement with the
inter-observer variability and with a smoother trajectory annotation.

2 Methods

2.1 Imaging Data and Manual Annotation

One hundred forty patients were retrospectively included in this study (59 fe-
males, 53±14 years old) as part of an IRB-approved chart-review study. The
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reported pathologies included pulmonary hypertension (n=25), atrial fibrilla-
tion (n=23), ventricular tachycardia or paroxysmal fibrillation (n=16), hyper-
trophic cardiomyopathy (n=17), heart failure (n=9), right or left bundle branch
block (n=6), coronary artery disease (n=6), sarcoid (n=6), obstructive sleep
apnea (n=5), other cardiac diseases (n=5), Lyme disease (n=4), and healthy
volunteers (n=18). All subjects were scanned on a 1.5T (n=115) or 3T (n=25)
conventional clinical MRI scanner (Siemens Healthcare, Erlangen) including a
standard four-chamber long-axis cine exam, systematically acquired in a clinical
setting. Such images, mostly retrospectively ECG-gated, were acquired during
breath-hold with the following parameters: repetition time of 3 ms, echo time
of 1.5 ms, and flip angle of 60◦. Four chamber data had an average spatial res-
olution of 2 × 2 mm2, slice thickness of 8 mm, and mostly 30 temporal frames
per cardiac cycle were reconstructed. The final dataset comprised a total of 4170
images (140 sets of time-resolved images) analyzed in previous studies [12–14].

RV lateral and septal points were manually placed at the intersection be-
tween the tricuspid valve and the right ventricular myocardium by observer 1,
a researcher with 4 years of cardiac MRI experience. The landmark annotations
were performed in every image, using the software Segment [15]. The landmarks,
annotated by observer 1, were considered as the ground truth.

2.2 Dual-Stage Residual Neural Network

The proposed framework, illustrated in Fig. 1, involves two trained networks,
using an established convolutional neural network with a residual framework of
50 layers, ResNet-50 [16]. The first stage, with a network, provides valve points
sufficiently accurate to define the TV plane. The second stage uses these points
to perform a linear transformation to the image and, with another network, pre-
dicts highly accurate points. For both networks, the input and output layers were
adapted to input a grayscale image with a fixed size, and to output four num-
bers (i.e. two pairs of coordinates) with a regression layer. For both networks,
the training and testing sets were partitioned into 3330 images (112 subjects)
and 840 images (28 subjects), respectively. This distribution was performed ho-
mogeneously along the reported cardiovascular diseases in a random manner.
To further mitigate selection bias, a 5-fold cross-validation with homogeneous
distribution was additionally performed.

Initial Coarse Annotation The first ResNet-50 network was trained with
the ground-truth manual annotations and images “as is” with only an image
resizing to 160×160 with cubic interpolation. Every input image was processed
independently. The resulting coordinates were sufficiently accurate to localize
both TV points and to roughly follow the valve motion.

Automated Linear Transformation The output coordinates of the first net-
work were used to standardize the input of the second network: (i) the image
was interpolated to a standard spatial resolution of 0.75 mm, (ii) the TV was
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Fig. 1. TVnet pipeline. (a) The input cine images with an inherent clinical variabil-
ity (size (m × n), resolution, orientation, and cropping) are fed to (b) the proposed
dual-stage residual neural network. Stage 1 produces coarse annotations, marked in
circumferences representing uncertainty, in every cine image in a fixed image size of
160 × 160. Stage 2 uses these points to apply a linear transformation to a standard
spatial resolution of 0.75 mm, orientation and cropping around the TV center for a size
of 118 × 162, and predicts precise annotations, marked in circles representing higher
accuracy, which are adjusted again to the original input image. Stage 2, dashed red
box, can be done iteratively as indicated. (c) The output time-resolved coordinates are
used to (d) derive the tricuspid lateral displacement curve by measuring the perpen-
dicular distance from the initial TV plane, marked in white at end-diastole (t = 1), to
the lateral point at every temporal frame, and the tricuspid lateral velocity, as its time-
derivative. TAPSE is calculated as the maximum displacement, and RV e’ is calculated
as the second global velocity peak.
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oriented horizontally (rotated) with the apex pointing down and with the left
ventricle placed to the left, and (iii) the image was finally cropped around the
TV center for a size of 118×162. The orientation and centering tasks were based
on the first temporal frame and applied to the rest of the cine, accordingly. The
first network processed the cine images independently and its output trajectory
allowed to determine the valve plane for each image. The direction of the RV
apex was determined by the valve movement direction along the cardiac cycle.

Final Precise Annotation The second ResNet-50 network was trained with
the ground-truth manual annotations and the linearly transformed images. These
standardized images were used as input to the second network which generated
the TV points with high accuracy, processing every image independently. These
new predicted points were readjusted, with an inverse standardization transfor-
mation, to match the original input cine images.

Network Training Both networks were trained in the same manner. A pre-
trained version of the ResNet-50, from the ImageNet database [17], was used for
weights initialization as part of a transfer learning process to reduce convergence
time. Image pixel distribution was centered and reduced using the median and
the interquartile range. Training data augmentation was performed 10-fold by
scaling ±10%, rotating ±10◦ and translating ±3 pixels, to add more inherent
variability in stage 1, and to compensate for any error from stage 1 in stage 2,
i.e., a slight misalignment of the valve plane center from the ground truth. The
Adam method [18] was used for optimizing the mean square error loss function
with a learning rate of 1 × 10−4. Training consisted of 20 epochs with a mini-
batch size of 8. The networks were trained and tested on MATLAB R2019b
(Mathworks, Natick, MA) with a NVIDIA Titan RTX GPU.

2.3 Evaluation and Statistical Analysis

Clinical-Metric Derivation Clinically relevant RV parameters extracted were
the TAPSE and the RV e’, which were calculated from the lateral displacement
curve, as illustrated in Fig. 1(d). The perpendicular distance from the lateral
point to the initial TV plane, defined at the beginning of the cardiac cycle
(end-diastole, usually t = 1) with both lateral and septal points, was measured
in every temporal frame. TAPSE was measured as the maximum value of this
displacement curve. RV e’ was calculated as the second global peak of the time-
derivative of this curve.

The test set, comprising 840 annotations for each TV insertion point, from
28 patients, was evaluated against manual annotation. The spatial annotation
error was measured with: (i) the Euclidean distance, which measured in millime-
ters the distance error between the ground-truth and predicted annotations, (ii)
the angular distance, which measured in degrees the inner intersection angle of
the ground-truth and automated planes defined by both TV points, and (iii) the
trajectory jitter, which evaluated the difference ratio between the actual point
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Fig. 2. Point trajectory jitter illustration (a) and derivation (b). The jitter for two
successive points over time t of the trajectory with T temporal frames was measured
as the difference between their vectors v (t) and v (t + 1) from f (t) to its smoothed
contour fs (t), after a low-pass filter and normalized by the distance, magnitude of
vs (t), between the two corresponding points on fs (t). The trajectory jitter was evalu-
ated by averaging every two points jitter along the trajectory fs (t) and was performed
for every annotated point course.

course over time and its smoothed version, representing a more physiological pat-
tern, as illustrated in Fig. 2. Clinical metric (TAPSE and RV e’) comparisons
were performed using linear regression analysis, Bland-Altman plots, the intra-
class correlation coefficient (ICC), and the coefficient of variance (CoV) between
the automated and manual measures. For inter-observer variability analysis, ob-
server 2, a researcher of 7 years of cardiac MRI experience, performed manual
annotations on the same test set and the same evaluation was assessed. The
threshold for statistical significance was considered for p<0.05.

Additional Stage Influence This evaluation was performed for the results of
using only the first stage (stage 1), both stages (stage 1+2), and three successive
iterations (stage 1+2+2, stage 1+2+2+2, and stage 1+2+2+2+2), to show the
influence of the additional stage (see red box in Fig. 1(b)).

3 Experiments and Results

3.1 Implementation

TVnet was implemented as a plug-in in the medical image analysis software
Segment v3.1 R8109 [15] (http://segment.heiberg.se) and uploaded to GitHub
(https://github.com/ra-gonzales/TVnet), which is freely available for research
purposes. Training time took 22 h for each network. For the dual-stage pipeline,
on the GPU, testing time took 1.8 s per patient with an additional 0.8 s for every
iteration, whereas on a CPU, it took 3.8 s per patient with an additional 1.6 s
for every iteration, compared to an average manual annotation time from 4 to 20
min. Additional movie files, in Supplementary Material, demonstrate automated
TV tracking across a cardiac cycle.

http://segment.heiberg.se
https://github.com/ra-gonzales/TVnet
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Table 1. Automated spatial annotation accuracy (n=840) of tricuspid valve tracking.

Stage Lateral point
error (mm)

Septal point
error (mm)

Angular
error (◦)

TAPSE
error (mm)

1 4.03 ± 3.13 3.98 ± 3.16 4.40 ± 3.91 0.32 ± 2.86

1+2 2.61 ± 2.01 2.61 ± 1.59 3.82 ± 3.36 0.29 ± 1.86

1+2+2 2.43 ± 1.92 2.45 ± 1.48 3.78 ± 3.34 0.13 ± 1.90

1+2+2+2 2.41 ± 1.97 2.43 ± 1.50 3.87 ± 3.38 −0.02 ± 1.80

1+2+2+2+2 2.38 ± 1.93 2.48 ± 1.51 3.95 ± 3.37 0.07 ± 2.03

Observer 2 2.18 ± 1.78 3.67 ± 3.49 4.83 ± 6.01 −0.20 ± 2.30

The mean ± standard deviation are reported for Euclidean (for lateral and septal
points) and angular distances and tricuspid annular plane systolic excursion (TAPSE)
errors between detected and ground-truth manual annotations by observer 1.

3.2 Annotation Accuracy

The reproducibility analysis of the TVnet annotations and the clinical metrics is
reported in Table 1. The proposed framework improved the accuracy after every
iteration converging on stage 1+2+2, with a marginal improvement afterward.
With this chosen model, the method achieved a mean Euclidean distance error
of 2.44± 1.71 mm, an angular distance error of 3.78± 3.34◦, and a TAPSE error
of 0.13± 1.90 mm with an ICC = 0.94. The mean Euclidean distance error with
standard deviation across folds was 2.79±0.39 mm. The inter-observer variability
for manual annotation achieved 2.92 ± 2.87 mm, 4.83 ± 6.01◦, −0.20 ± 2.30
mm, and ICC = 0.92, respectively, with a marked discordance in tracing the
septal point. The trajectory jitter with the framework was 0.70 ± 0.10 whereas
the trajectory jitter of observer 2 was 0.81 ± 0.13. Compared to the difference
between automated and ground truth annotations, the second observer achieved
a stronger agreement with the lateral point annotation but weaker agreement
with the septal point annotation, whereas the automated annotations exhibited
less jitter and achieved a better agreement with the clinical metrics.

The automatically derived annotations yielded average values of 19.9 ± 5.5
mm for TAPSE and 7.8 ± 3.3 cm/s for RV e’. These were comparable with
manually derived average values of these clinical metrics from both observers
(observer 1: 19.8±5.7 mm and 6.8±2.8 cm/s and observer 2: 19.6±5.8 mm and
9.2 ± 4.1 cm/s respectively for TAPSE and RV e’). The regression and Bland-
Altman plots for TAPSE and RV e’ between the automated (stage 1+2+2) and
manual measurements are presented in Fig. 3(a), where an excellent correla-
tion and agreement were observed for each parameter. Figure 3(b) shows the
corresponding inter-observer variability of these metrics, demonstrating similar
excellent agreement for TAPSE, but less agreement for RV e’. This is due to the
sensitivity of RV e’ to jitter, as RV e’ requires a time derivative. All reported
correlation values were significant (p<0.0001).
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Fig. 3. Correlation and bias of tricuspid valve MRI-derived clinical measures between
an expert manual annotation (observer 1) and (a) the automated method, and (b)
annotation by observer 2, on the testing set of 28 patients. The first column of each
analysis shows the regression plots whereas the second shows the Bland-Altman plots
of the tricuspid annular plane systolic excursion (TAPSE), in brown, and the right
ventricular early diastolic velocity (RV e’), in blue. In each scatter plot the red line
denotes the regression line and the black line denotes the identity line, whereas in each
Bland-Altman plot, the red line denotes the mean difference (bias) and the two light
dotted lines denote ± 1.96 standard deviations from the mean.

4 Discussion and Conclusion

In this work, we proposed a dual-stage residual learning framework, TVnet, for
time-resolved annotation of the TV in four-chamber views from standard long-
axis cine MRI images. The proposed method was fast, fully automated, and
showed excellent agreement with manual annotation by expert readers in terms
of valve points positioning as well as with the subsequently extracted RV func-
tion parameters. Tedious manual labor is not needed, reducing the processing
time from 4-20 min to 2 s. This enables fully automated, accurate, fast, and re-
producible assessment of RV function in clinical routine. Moreover, this method
can be applied retrospectively to any four-chamber image acquisition, which is
routinely acquired in a standard cardiovascular MRI exam.

The initial step, used to standardize the images with a linear transforma-
tion, substantially reduced the spatial annotation and clinical-metric errors. It
further exploited the utility of artificial neural networks in readjusting the result
from a baseline model using the TV anatomical position and reducing the image
variability. The low Euclidean distance and angular orientation errors displayed
consistency in the tracking. The former assured a point placement around the
ground-truth annotation, whereas the latter assured a concordant TV plane dis-
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placement, which for the RV is known to vary greatly throughout the cardiac
cycle. The high parity with human-level performance may be explained with
the low trajectory jitter of the model, as the automated point prediction was
smoother compared to a second observer, which is vital in calculating TV veloc-
ity. Future work includes validation on a multi-vendor, multi-center population
and expansion to other cardiac landmark annotations.
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