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I.

I NTRODUCTION

Ultrasound blood peak velocity estimates are routinely used
for clinical diagnostics, such as the grading of a stenosis.
Spectral Doppler velocimetry is a commonly used ultrasoundbased technique to perform these measurements. It involves
systematic analysis of the spectrum of frequencies that constitute the Doppler signal. Modern ultrasound imaging systems
utilize spectral Doppler techniques for quantitative evaluation
of blood flow velocities. Internally, the ultrasound system
measures the frequency shift induced in the reflected acoustic
signal. The Doppler equation is indicated in 1.
fD =

2f0 v
cos(θ)
c

(1)

Where fD is the measured Doppler frequency shift, f0 is
the nominal ultrasound frequency, c is the speed of sound and θ
is the angle between the ultrasound beam and the flow direction
at the location of the velocity measurement. Equation 1 is
used to convert the measured frequency shift to velocity. As
equation 1 indicates, it is important to have precise knowledge
of the angle between the ultrasound beam and the flow direction in order to calculate the velocity. This angle is commonly
referred to as the “Doppler angle”. In current clinical practice,
the ultrasound operator (sonographer) would manually specify
the angle between the Doppler ultrasound beam and the vessel
orientation while performing the ultrasound exam in order to
ensure that the correct flow velocities are estimated. This is
clinically referred to as angle correction, and is one of multiple
steps in the clinical workflow for Spectral Doppler. Angle
correction refers to adjustment of the Doppler angle and is
used to calibrate the velocity scale for the angle between the
US beam and the blood flow being measured.
Commercial ultrasound scanners have a dedicated control
on the user interface that allows the sonographer to specify
the angle correction. Nevertheless, it is widely recognized
that incorrect angle correction is a leading cause of error
in blood velocity measurements performed using Doppler
ultrasound. In fact, it is noted in the top three amongst Top
Ten Doppler Errors and Artifacts [Pegasus lectures]. Dejong13
from the Inter-societal Commission for the Accreditation of
the Vascular Laboratories (ICAVL) commission reported that
as high as 35% of the applications for accreditation received by
the ICAVL demonstrate improper angle correction techniques,
making angle correction issues one of the most common causes
for delayed decisions.
Recent developments in computer vision has led to a
number of automated approaches for Doppler angle estimation. [1] presented a multi-scale approach for estimating the

vessel’s flow direction by principal component analysis. More
recently, [2] described a computer vision approach to automate
the Doppler angle estimation. The approach starts with the segmentation of blood vessels in ultrasound color Doppler images.
The segmentation step is followed by an estimation technique
for the Doppler angle(θ) based on a skeleton representation
of the segmented vessel. Statistical regression analysis showed
strong agreement between the manual and automated methods.
They further hypothesized that the automation of the Doppler
angle will enhance the workflow of the ultrasound Doppler
exam and achieve more standardized clinical outcome.
The above automated techniques are based on computer
vision and image analysis techniques. [1] applied techniques
to segment the vessel from the image in order to determine
the vessel orientation. The input images used were duplex
color flow images. The color flow information was used to
identify the vessel regions. A potential drawback of such
an approach is that artifacts in the color flow images can
affect subsequent steps in the algorithm. In this paper, we
propose a novel automated Doppler angle estimation technique
based on a deep-learning framework. The method is designed
to operate directly with B-mode (grayscale) images without
using any color information. Moreover, the input data to the
deep learning network is the raw image without any preprocessing or use of segmentation. Recently, deep learning
has been employed in a number of ultrasound applications
to improve the clinical workflow : fetal ultrasound to detect
the optimal scanning plane [3], echocardiography to recognize
standard views [4], and reconstructing 3D ultrasound volumes
from sequences of freehand images [5] We hypothesize that
the image features necessary for accurate angle estimation are
discovered by the deep learning algorithm itself. The longer
term motivation is that such a general approach makes the
technique more broadly applicable especially when the image
quality and appearance is known to vary significantly between
ultrasound scanners [6] due to the use of proprietary front-end
hardware configurations and custom post-processing software.
II.

M ETHODS

The deep learning-based algorithm was applied on static
carotid ultrasound images obtained from the database hosted
by Signal Processing Laboratory [7] . Details about the data
set are provided on that website location and reproduced here.
The database contains images of common carotid artery (CCA)
of ten volunteers (mean age 27.5 ± 3.5 years) with different
weight (mean weight 76.5 ± 9.7 kg). Images (usually eight
images per volunteer) were acquired with Sonix OP ultrasound
scanner with different set-up of depth, gain, time gain compensation (TGC) curve and different linear array transducers.
The image database contains 84 B-mode ultrasound images

of CCA in longitudinal section. The resolution of images
is approximately 390x330 pixels. Two different linear array
transducers with different frequencies (10MHz and 14MHz)
were used. These frequencies were chosen because of their
suitability for superficial vascular scanning. All images were
taken by specialists with five years’ experience in vascular
ultrasound. Images were captured in accordance to the standard
protocol with patients lying in the supine position and with
the neck rotated to the left side while the right CCA was
examined.
Since the sample data set available online was not originally intended for a Doppler study, no Doppler angle measurements are recorded on the image as would be the case in a
clinical Doppler study. Hence, the true Doppler angle (ground
truth) was independently measured offline using a custom
graphical user interface developed in MATLAB (MathWorks,
Natick, MA). Each of the images were imported first. While
observing the B-mode image, a line was drawn such that it
is parallel to the vessel wall. Using the coordinates of the
endpoint of the line, the angle with respect to the vertical axis
of the image was calculated. The angle was then stored in a text
file and only used to calculate the accuracy of the automated
algorithm. Figure-1 describes the convention used to report
Doppler angles in this paper. The value for θ ranges from 0
to 180 degrees.

•
•

Figure 2.

adaptive histogram equalization [9] as implemented in
scikit-image [10] Python library.
Accordingly, the ground truth value for each of the
images was updated to include the rotation angle
applied.
Transformed version of an ideal sample image is
shown in Figure-2 .

Augmented images and corresponding labels

B. Model description and training experiments:
Our approach is to use pre-trained deep learning models
as generic feature extractors. This has been shown to be
effective for transferring low level representations of images
learnt from an image dataset of multiple millions of images
(Imagenet) to solve problems using deep neural networks in
multiple application domains (Transfer Learning) [11], [12],
[13], [14], [15]. The core of transfer learning approach
is to train neural networks by adapting either parameters or
features from a strong classifier trained on a data rich task to
a new data deficient task. We use a much smaller network for
doppler angle estimation by using these features, which also
implies a device agnostic modeling process. A schematic of
the complete flow is shown in Figure-3.

Figure 3.
Figure 1. Schematic illustrating the convention used for reporting Doppler
angle in this paper with respect to the vessel orientation

Model Pipeline

A brief description of each step in the pipeline is as follows
:

A. Data description & pre-processing :
Label preserving transformations on images have been
shown to be effective in training deep neural networks in [8] by
creating a larger transformed training dataset. We use this
approach to generate rotated images as described below :
•
•
•

Each image is first augmented by introducing a
rotation angle between[ -60, 60] in increments of 5
degrees.
A total of 25 (1 original + 24 augmented) training
images were created from each image resulting in a
training sample size of 2100 images.
Each of the images were normalized to the range
[0,1] and subject to local contrast enhancement using

Input : Image of size m x n x 1 where, m = number of
row pixels and n = number of column pixels. Each pre-trained
model has a different input size (same as original papers)
Image Augmentation : The image is rotated by performing
a random rotation sampled from the range [-60,60] and normalized to a scale of [0,1] using adaptive histogram equalization
[16]. The output label [angle, θ] is similarly modified for each
input image by adding the rotation angle to original label.
Feature Extraction : We use a pre-trained model to extract
features from this image and get a 4-dimensional tensor from
this step. These features are used to train a shallow network
for doppler angle estimation.Model : Layer modules consisting
of Batchnormaliztion, Fully Connected, Relu Activation and
Dropout operations.

•

Batchnormalization [17] : Batchnormalization operation deals with internal covariate shift at each layer
by normalizing output of each intermediate layer and
feeding this normalized output to the next layer as
given in 2.
Xnormed = γ

•

•

•

{X − µX }
√
+β
σ2 + 

(2)

Fully Connected Layer : This layer has full connections to the previous layer output and is computed by
multiplying the input tensor with a learnt tensor of
weights.
ReLU [18] : A non-linearity introducing (or “Activation”) operation. Specifically, Rectified Linear Unit
(ReLU) performs the operation f (x) = max (0, x)
on the input tensor.
Dropout [19] : Used to reduce overfitting in the model
by sampling units from the training network to update
while keeping the rest as it is - effectively “dropping
out” of training iteration. At each iteration, a different
sample is updated and hence a different sample is
dropped, avoiding a potetntial over dependency on a
single unit.

Figure 4.

Comparison between model prediction and actual angle

Table I.

E RROR METRICS FOR SELECTED PRE - TRAINED MODELS

MAE
RMSE
ME
MAPE(%)
R-squared

VGG19
2.87
3.95
1.28
4.03
0.99

ResNet50
3.44
4.79
-1.19
5.55
0.98

InceptionV3
6.81
9.27
4.69
8.38
0.96

Xception
6.27
8.54
0.59
9.51
0.95

DenseNet201
3.63
5.2
-0.05
5.41
0.98

We extract features from the processed images using
different pre-trained models and train corresponding shallow
networks. We sample the dataset without replacement into
buckets of 80%(training) & 20%(test). For the training process, we use Adam [20] optimization algorithm with the initial
learning rate(α) of 10-4 . The training dataset is increased
multiple folds by image augmentation as described in Section II-A. The trained model is evaluated on the validation
data generated on the fly and is finally tested (reported results)
on the independent test dataset.

III.

R ESULTS

We explore different metrics ( Mean Absolute Error, Mean
Absolute Percentage Error, Root Means Squared Error, Mean
Error and R-squared ) for each model and report them in
table I. Our evaluation shows that pre-trained networks can
be used to perform automated Doppler angle estimation with
varying levels of agreement between observation and prediction(error between 4.03% to 9.51% ). A major constraint is
availability of data to train the shallow network and a larger
dataset should lead to increased accuracy in model estimates.
The overall agreement between model estimates and actual
angles is shown in 4. A detailed break down of error
variance in given in figure ??, which curiously shows that
large deviations from the horizontal ( θ < 60 or θ > 120
) causes worse model performance than smaller deviations
( 60 ≤ θ ≤ 120 ), across all models.
IV.

D ISCUSSION

In this work, we have developed a deep learning approach
for Doppler angle estimation. The clinical goal is to replace the

Figure 5.

Error distribution for each pre-trained model w.r.t observed angle

repetitive and sometimes inconsistent manual Doppler angle
adjustments. The chosen angle greatly affects the accuracy
of blood flow velocity measurements, which in turn can
have a major effect on the diagnosis and grading of arterial
stenosis. In this study, a deep learning-based framework
was used to automatically compute the Doppler angle from
a set of pre-acquired ultrasound B-mode images. RMSE
between the manual measurement of Doppler angle and the
values estimated by the automated algorithm is suggested as a
measure of the accuracy or the model. The results indicate that
the RMSE was in the range of 3.96 to 9.27 degrees (for the
different deep learning models evaluated) over the entire range
of observed Doppler angles. However, in the range of Doppler
angles 60 to 120 degrees, the mean difference was even
smaller. This is attractive clinically because most ultrasound

exams are performed with the carotid artery in the longitudinal
orientation where the vessel is approximately perpendicular
with the vertical axis. Hence, a clinical implementation of
this algorithm would require that angles around 90 degrees
are most accurately detected which has been demonstrated in
this study.
The algorithm in this paper was developed solely using
the grayscale images without any knowledge of the ultrasound
signal processing path inside the system. We have thus
demonstrated that the automated angle estimation technique
can be applied on ultrasound images after pre-processing steps
have been applied. Such an approach makes the algorithm
agnostic to the ultrasound pre-processing and optimization
algorithms that are typically applied before image formation
in an ultrasound system. As a result, this opens the possibility
that the algorithm can be applied as an add-on module on
different ultrasound system models and those manufactured
by various vendors. A proposed next step in this study would
be to include images from multiple ultrasound systems and
vendors in the data set. Note that in this study, all of the
images were acquired by a single ultrasound system. This
extension would help test the robustness of the technique and
make the approach more broadly applicable.
The data set used in this paper consisted of multiple images
for a given patient, each with a different Doppler angle, to
augment the data set. An extension of this work would
be to test the algorithm on a larger data set that comprises
images from multiple patients. Given the anatomical variations
between patients that results in a range of vessel orientation,
this would further evaluate the robustness of the approach on
patients with a large range of Doppler angles.
V.

C ONCLUSION

To the best of the knowledge of the authors, this is the
first publication demonstrating the use of deep learning for
automated angle estimation in Doppler ultrasound. Previous
approaches relied on computer vision approaches where image
features were manually extracted using established techniques
such as segmentation. The novel approach proposed in this
paper has the potential to significantly reduce the examination
time for performing a Doppler exam, and thus making the
clinical ultrasound workflow more efficient.
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