EMB N

;% % IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 36, NO. 6, JUNE 2017
mﬂo//’mmﬂyé‘oﬂety

1221

Automatic Quality Assessment of
Echocardiograms Using Convolutional

Neural Networks:

Feasibility on the

Apical Four-Chamber View

Amir H. Abdi, Student Member, IEEE, Christina Luong, Teresa Tsang, Gregory Allan, Saman Nouranian,
John Jue, Dale Hawley, Sarah Fleming, Ken Gin, Jody Swift, Robert Rohling, Senior Member, IEEE,

and Purang Abolmaesumi,

Abstract Echocardiography (echo)is askilled technical
procedure that depends on the experience of the oper-
ator. The aim of this paper is to reduce user variability
in data acquisition by automatically computing a score
of echo quality for operator feedback. To do this, a deep
convolutional neural network model, trained on a large
set of samples, was developed for scoring apical four-
chamber (A4C) echo. In this paper, 6,916 end-systolic echo
images were manually studied by an expert cardiologist
and were assigned a score between 0 (not acceptable) and
5 (excellent). The images were divided into two independent
training-validation and test sets. The network architecture
and its parameters were based on the stochastic approach
of the particle swarm optimization on the training-validation
data. The mean absolute error between the scores from the
ultimately trained model and the experts manual scores
was 0.71 +0.58. The reported error was comparable to the
measured intra-rater reliability. The learned features of the
network were visually interpretable and could be mapped to
the anatomy of the heart in the A4C echo, giving con dence
inthetraining result. The computation time for the proposed
network architecture, running on a graphics processing
unit, was less than 10 ms per frame, suf cient for real-time
deployment. The proposed approach has the potential to
facilitatethe widespread use of echo atthe point-of-care and
enable early and timely diagnosis and treatment. Finally, the
approach did not use any speci c assumptions about the
A4C echo, so it could be generalizable to other standard
echo views.
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|. INTRODUCTION

EART disease is a leading cause of morbidity and pre-

mature death worldwide. 2D echocardiography (echo)
is a non-invasive, low-cost, portable, and accessible imaging
technology that allows diagnosis of various cardiac conditions,
risk stratification, and prognostication with minimal risk. Echo
provides an excellent assessment of structure and function
of the heart. Standard echo studies include determination of
both contractility and relaxation properties of the ventricles,
atrial size and function, as well as valvular structure and
function [1].

Echocardiography can be performed with several differ-
ent techniques, among which transthoracic echocardiogra-
phy (TTE) is the most common. In TTE, images are obtained
from different probe positions, which can be grouped into
four main categories, i.e. parasternal, apical, subcostal and
suprasternal. One of the most informative yet challenging
views to obtain is the apical four-chamber (A4C) view. This
view contains cross-longitudinal sections of both ventricles
and atria through the tricuspid and mitral valves; the cardiac
apex is visualized closest to the transducer, the ventricles are
in the near field and the atria are in the far field [2]. Fig. 1 dis-
plays atypical A4C view of the heart at its end-systolic state,
which depicts the left and right atria, left and right ventricles,
tricuspid valve and mitral valve. If the probeis oriented appro-
priately, the interatrial and interventricular septa are aligned
verticaly in the center of the image and the bullet-shaped apex
is at the center-top. The A4C view is mainly used for quan-
tification of cardiac chambers, evaluation of their contractility,
and left ventricular gection fraction [3], [4]. To best acquire
the A4C view, the phased-array transducer is directed towards
the cardiac apex through the apical impulse between the ribs
and is aligned with the long axis of the left ventricle [5].

The accuracy of estimations of chamber volumes, function
and gjection fraction in 2D echo views, such as the A4C view,
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Fig. 1. Atypical apical four-chamber echocardiogram depicting the four
chambers, mitral valve, tricuspid valve, septum, and the lateral walls.

depend on the quality of the acquired cine. Therefore, they
can be affected by various factors [6], [7], such as image
position, exactness of geometric assumptions, and accuracy
of boundary tracings [8]. Consequently, if suboptimal images
are obtained, all measurements can be affected, resulting in a
misclassification of the patient in terms of needs for specific
treatments. Moreover, unlike other medical image modalities
that benefit from a relatively automated image acquisition
routine, the quality of echo highly relies on the experience and
objectivity of the sonographer to obtain the most appropriate
intersection of the imaging plane with the cardiac anatomy [9].
While it is expected from experienced technicians to find the
correct acoustic window leading to high-quality images, it
is common for less-experienced users to acquire data with
suboptimal image quality.

To assist the sonographer in acquiring optimal views, several
research groups have made notable efforts in producing real-
time feedback to the operator regarding image quality. A set
of studies have attempted to detect shadows and aperture
blockage in echo images [10], [11]. These techniques recog-
nize changes in the power spectrum or the coherency of the
signal as an indicator of the aperture blockage. While, in
general, these methods are applicable to al types of ultrasound
imaging, they are limited to detection of aperture obstruction,
which is only one of the many factors that affect the quality
of an echo study.

Several groups have proposed content-based cardiac inter-
view classification techniques using machine learning and
statistical approaches [12], [13] as well as low-level fea
tures [14], [15]. However, intra-view quality analysis of echo
is a much more challenging problem, as there is relatively
higher correlation between the visual content of the different
echo images that need scoring.

An important factor in determining echo quality scores is
the presence and sharpness of desired anatomical structures
for that particular echo view. Some studies have defined a
goodness-of -fit based on mapping a parametric template model
on the image [16] or searching for a binary atlas using a
generalized Hough transform agorithm [17]. These intensity-
based approaches are sensitive to noise and low contrast, and
tend to fail on weak edges. Moreover, they only respond to
the presence of low-level features, and have no mechanism
implemented to detect higher-level structures. As a result,

they are expected to fail in realizing echo acquisition defects
such as foreshortening and missing apex. Efforts have also
been invested in assisting the operator with setting the optimal
acquisition parameters of ultrasound imaging through mani-
fold learning [18]; however, that work did not consider the
effect of variability in ultrasound viewing angle and presence
of desired anatomical structures in image.

Deep convolutional neural networks (DCNNSs) [19] are deep
learning architectures that possess the ability to extract hier-
archical discriminative features, while preserving the locality
of pixel dependencies. These models learn representations of
data with multiple levels of abstraction, while the features
are learned as part of an end-to-end supervised training,
as opposed to hand-crafted alternatives [20]. DCNNs have
recently gained significant attention and are now being con-
sidered as the state-of-the-art method for many challenging
medical and non-medical tasks [21], [22]. As a result of
DCNN's local connectivity and shared filter architecture, there
are much fewer weights to adjust in comparison to the tra-
ditional neural network architectures; consequently, they are
less prone to over-fit and are easier to train. With the advent
of Graphics Processing Unit (GPU)-accelerated computation,
it is now practical to train DCNNs with multiple layers for
regression and classification purposes.

In our previous work [23], we investigated the feasibility
of using convolutional neural networks to assess the quality
of echo data. Here, we expand on that work and propose a
framework for optimizing the deep learning architecture to
generate an automatic echo score (AES) in real time. Our
framework incorporates a regression model, based on hier-
archical features extracted automatically from echo images,
which relates images to a quality score determined by an
expert cardiologist. We demonstrate the feasibility of our
approach on the A4C echo view. In this study, data acquired
from 6,916 patient studies were used to design, optimize, train
and test the model. Using GPU-computing, the ultimate trained
network is able to assess the quality of an echo image in real
time. Since the design of the proposed DCNN architecture
does not include any a priori assumptions on the A4C view,
this approach could be extensible to other standard echo views.

Il. METHODS
A. Convolutional Neural Networks

In this research, a regression model was developed to
quantify the quality of echo images. The loss function of this
model, trained via the stochastic gradient decent agorithm,
was the 2 norm of the error, i.e. the Euclidean distance of
the network’s output to the manual echo score (MES) assigned
by the expert (Section I11-A).

The regression model was designed on a deep neura
network architecture, structured in two main stages: a con-
volutional stage and a fully-connected stage. The first stage
is composed of convolutional layers (conv) and pooling
layers (pool ); the second stage only contains fully-connected
layers (f ).

1) Convolutional Stage: The conv layer, introduced by Cun
et al. [24] and LeCun et al. [25], is the primary component
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of this stage. It consists of 2D kernels that are convolved
with the input signal resulting in the output feature-maps.
Mathematically, kernels calculate the locally weighted sum of
inputs or, as the name implies, perform a discrete convolution,
as follows:

| — | I 1
& jk = Wi, mn&(j +m) (k+n)*
m= n=

D

Here, w} is the weight matrix, andai' is the output feature-map
of the ith kernel of the conv layer |; while a' ! represents
the input feature-map of the layer. Each kernel is convolved
with all the feature-maps of the previous layer and generates
a 2D output. Outputs of al kernels of a given layer are
stacked together to create the 3D output feature-map of the
conv layer.

The total number of parametersin the conv layer is equal
to the number of kernels multiplied by the size of each kernel.
Although it is theoreticaly acceptable to have kernels of
different sizes in the same layer, this is rarely the case in
practice [20], [21]. Since a single kernel is responsible for
generating an output feature-map, the conv layer contains
substantially fewer weights to adjust compared to other layers
such as the f ¢ layer. Each convolutional kernel models the
spatial correlation of its input with subsequent layers repre-
senting an increased level of abstraction.

The output of the conv layer is passed into a non-linear
activation function. We use the Rectified Linear Unit (ReLU),
which resembles the function of biological neurons [26],
because it convergesfaster than its alternatives such as sigmoid
and hyperbolic tangent functions, while achieving the same
performance [27]. ReL U is defined as

freLu(ai) = max(0, &), 2

and is reported to demonstrate equal or higher performance
compared to other activation functions of this family, i.e.
PReLU and LReLU [28].

The pool layers reduce the spatial variance of feature-
maps, and allow faster convergence and selection of superior
invariant features [29]. They aso reduce the computational
cost of deeper layers by reducing the size of the feature-maps.
Moreover, the pool layers encourage generalization by mak-
ing the model invariant to small translations. Among pooling
methods, max-pooling has demonstrated higher performance
compared to its rivals [30] as it removes non-maximal values
using max-filters. There is no weight associated with the
max-pooling layer.

2) Fully-Connected Stage: Each neuron of an fc layer
is fully connected to every activation in its previous layer.
Mathematically, an f ¢ layer can be represented with a matrix
multiplication, followed by an offset summation, as follows:

n
fio,@ = wja '+,
j=1

©)

where wj; represents the jth weight of neuron i in layer I,
and bl isits bias value.
Similar to conv layers, the output of an f ¢ layer is aso

passed into an activation function. The output of the last

f ¢ layer is not filtered by an activation function as it produces
the network’s final output.

B. Hyper-Parameter Optimization

Deep convolutional neural networks, like most learning
algorithms, rely on a set of hyper-parameters that can affect
performance of atrained model. In practice, hyper-parameters
are chosen in order to minimize the generalization error [31].
This task is substantially based on running trials with different
hyper-parameter settings, comparing the results, and choosing
the best setting. Many methods have been suggested on
how to choose the trials, from grid searches and random
searches [32], to sequential and tree-based searches [32]. Also,
Garro and Vazquez used Particle Swarm Optimization (PSO)
to tune feed-forward neural networks in terms of the activation
function, number of neurons in each layer, and number of
connections inside each layer [33].

PSO is an iterative stochastic approach based on swarm
intelligence, inspired by the movements of bird flocks [34].
PSO isan iterative solution initiated by a set of particlesin an-
dimensional space, where n is the number of hyper-parameters
to optimize. In each PSO generation (iteration), the position of
each particle, pj, is updated with respect to its newly updated
velocity, vi*, as follows:

pt= (4)
Prior to the position update, the velocity of the particle is
updated based on the best solution found by the particle (S)
and the best solution found by the whole population (S;), as
follows:

t+1

t

vitt= vi+ori(§ p)+craAs ). (B
where ,rq andr; are random variables taken from a uniform
distribution on [0,1] for each generation. istheinertiaweight
term, while c; and ¢, are acceleration variables. These three
parameters determine the impact of momentum, local best (S),
and the global best (§;) solutions on the velocity. In our
experiment, c; and ¢, were set to 2.05 based on literature [35].

Ill. EXPERIMENTAL SETUP
A. Dataset

Training computational models to represent medical images
requires a large annotated dataset. In this research, we had
the advantage of an echo database available on the Picture
Archiving and Communication System of the Vancouver Gen-
eral Hospital (VGH). These echo images were acquired mostly
by echo-technicians, with asmall contribution from cardiology
trainees and trainee technicians, during routine cardiac exams.

In an echo acquisition, the heart is imaged from at least
seven standard (parasternal long and short axes, apical 2-,
3-, and 4-chamber, subcostal, and suprasternal) and atypical
imaging views for which the sonographer places a transducer
on the patients chest to obtain ultrasound frame stacks (cine
clips) in a specific order from each of the standard echo views.
The operator is instructed to acquire data from as many views
as possible to visualize the pathology. In this research, we have
focused on the apical four-chamber (A4C) view (Fig. 1).
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Fig. 2. Hyper-parameter optimization owchart. In each PSO generation, a set of DCNN parameters are generated, and three-fold cross-validation
results of their respective networks are sent back to the PSO routine. This loop continues until the PSO converges.
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Fig. 3. Distribution of dataset, consisting of 6,916 samples, among
six quality-levels based on manual echo scores. Since the data is
obtained mostly by expert sonographers with several years of echocar-
diography examination experience, the distribution leans more towards
higher quality scores.

For this project, 6,916 end-systolic A4C view frames were
randomly fetched from the VGH echo database with ethics
approval of the Clinical Medical Research Ethics Board of the
Vancouver Coastal Health (VCH) (H13-02370). Based on the
guidelines provided by the VCH Information Privacy Office,
data was anonymized, de-identified and stored using encryp-
tion throughout the study. No new patients were scanned for
this study and no specia treatment was taken for handling
pathological cases. All images used in this study were acquired
using the Philips iE33 ultrasound machine.

B. Manual Quality Assessment

The dataset was examined by an expert cardiologist and an
integer quality score of O (not acceptable) to 5 (excellent) was
assigned to each image based on the following:

0) Clear presence of the aortic valve and/or only the
interatrial or interventricular septums are visible;

1) Chamber boundaries of one or two chambers are visible;

2) Chamber boundaries of three chambers are visible;

3) Chamber boundaries of three or four chambers are
visible, but not sharp enough for quantification of all
chambers; heart is off-axis (crooked) or significantly
foreshortened;

4) Boundaries of three or four chambers are clear for
quantification, proper axis, mildly foreshortened;

5) Boundaries of four chambers are clear for quantification,
proper axis, sharp edges, not foreshortened.

According to the above scoring system and the expert's
opinion, samples with a score of below 3 are considered
uninterpretable with minimal clinical value. Distribution of
data among the six quality-levels is demonstrated in Fig. 3.

C. Network Architecture

To optimize the network design, the dataset was randomly
partitioned into training-validation (80%) and test sets (20%).
Division of quality-levelsamong the training and test sets were
examined via Pearson’s 2 goodness-of-fit test to confirm that
they represent the origina data distribution (p-value> 0.05).

The network design was then optimized over the training-
validation set using PSO in terms of the following variables:
number of conv layers, number and size of kernels in each
conv layer, and number of neuronsin each f ¢ layer. In this
approach, the number of f c layers was fixed to two layers
along with a fully-connected neuron that produced the final
output of the network.

A diagram of the proposed hyper-parameter optimization
methodology is depicted in Fig. 2. In this methodology, PSO
was run twice, each time with a narrower search space for the
hyper-parameters. Upon completion of the first PSO run, mean
and standard deviations of each hyper-parameter across the
best 20% solutions (particle positions) were calculated. Search
space boundaries of hyper-parameter i were then updated
based on the mean (8 ) and standard deviation ( ;) as:

[Li,Uil=[8 .8+ i] (6)

Although [ 3,8 + 3 j] would provide a more robust
search space, we chose a narrower range to speed up the con-
vergence. The only categorical hyper-parameter, i.e. number of
conv layers, was eliminated from the optimization process at
the end of the first PSO, as all the top 20% solutions held
three conv layers.

Each PSO-run consisted of six particles and a variable
number of generations. The performance of each particle at
every position was calculated via a three-fold cross-validation.
Intotal, 430 DCNN models were trained throughout the hyper-
parameter optimization process, all of which used the same
set of folds for their performances to be comparable. Training
each model took 2-3 hours. All models were trained with the
same training parameters (see Section Il1-E) and al of them
converged after 54 — 6 epochs.

The resultant network architecture is illustrated in Fig. 4.
It consists of three convolutiona layers (convl, conv2,
conv3), each followed by RelLU activation functions. All
convolutional kernels were convolved with a stride of one on
padded inputsto preserve dimensions. The three pooling layers
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Fig. 4. Network architecture, consisting of three convolutional layers (conv1,conv2,conv3), three max-pooling layers (pool 1, pool 2, pool 3),
and two fully connected layers (f c1, f c2). Convolutional layers were applied on padded inputs with stride of one to create same-size outputs; while

Max-pooling layers halved the size of their inputs in each dimension. The parameters and inputs of each layer are explained in Table I.

(pool 1, pool 2, pool 3) used 3 3 filters with a stride
of two.

In this network, the convl layer has 22 kernels of size
17 17; the conv2 layer has 53 kernels of size 11 11,
and the conv3 layer has 64 kernels of size 11  11. In the
fully-connected stage, the network combined local features
learned by the convolutiona layers into a fewer number
of signals using the two fully-connected layers, fcl, fc2,
consisting of 1079 and 699 neurons, respectively. Finally, a
single fully-connected neuron computed the final output of the
network. Parameter settings of the final network architecture
is summarized in Table I.

D. Regularization and Data Augmentation

To stabilize learning and prevent the model from over-fitting
on the training data, several strategies were used. Regulariza-
tion is a machine learning technique that adds a penalty term
to the loss function to prevent the coefficients (weights) from
getting too large. Here, we used a 2 regularization in the form
of |lwl[|3 with =0.02.

Dropout layers (dr opout ) prevent co-adaptation of feature
extractors and encourage neurons to follow the population
behavior [36]. In each step of training, a dr opout layer
removes some units of its previous layer from the network.
These units are chosen randomly based on the probability
parameter of the dr opout layer. This meansthat the network
architecture changes in every training step. Thus, dr opout
layers integrate different network architectures into a single
model [37]. In a sense, the dr opout layer adds random
noise to hidden layers to prevent over-fitting. In our design,
a dr opout layer was deployed after each f ¢ layer with a
dropout probability of 0.6.

To add trandational invariance to the model and, at the same
time, prevent over-fitting, samples were modified, on-the-fly,
during training. In each mini-batch, each sample was translated
horizontally by a random number of pixels generated from a
zero-mean Gaussian distribution with a standard deviation of
1/20 of the image width.

Rotational invariance was aso encouraged by dightly rotat-
ing images, on-the-fly, with a random degree generated from

FORMAT REPRESENT THE WIDTH, HEIGHT AND DEPTH OF

TABLE |
NETWORK ARCHITECTURE SUMMARY. NUMBERS IN THE WX h < n

THE PARAMETER, RESPECTIVELY

Layer Parameter Value
kernel size 17 x 17
#kernels 22

convl | stride 1
input size 267 x 267
output size 267 X 267 x 22
kernel size 3 X 3

pooll §tride . 2
input size 267 X 267 x 22
output size 133 x 133 x 22
kernel size 11 x 11
#kernels 53

conv2 | stride 1
input size 133 x 133 x 22
output size 133 x 133 x 53
kernel size 3 X 3

pool2 .stride . 2
input size 133 x 133 x 53
output size 66 x 66 x 53
kernel size 11 x 11
#kernels 64

conv3 | stride 1
input size 66 x 66 x 53
output size 66 X 66 x 64
kernel size 3 X 3

pool3 §tride . 2
input size 66 x 66 X 64
output size 22 X 22 x 64
#neurons 1079

fcl input size 22 x 22 x 64
output size 1079
#neurons 699
fc2 input size 1079

output size 699
#neurons 1

output | input size 699
output size 1

a zero-mean Gaussian distribution with

capped to 2 .

= 7 degrees and

Since the expert quality assessments were based on non-
augmented images, trandation and rotation values could not
increase beyond certain limits. We consulted an expert cardi-
ologist on the study team to estimate the maximum values and
to ensure that the above data augmentations did not affect the
clinica value and image quality of the training data.
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E. Training

Upon completion of the hyper-parameter optimization and
finalizing the DCNN architecture, the resultant network was
trained on the whole set of training-validation data. Training
was repeated three times to account for the random ini-
tialization and the deployed stochastic training paradigm to
emphasize robustness of the results. The performances of the
trained models were evaluated based on the test set. At no
stage was test data used or analyzed in the design of the
networks or training of the models. All models were trained
via the stochastic gradient descent.

During training, a small batch-size of 36 images was
favored; to reward persistent reduction in the objective func-
tion, we deployed a relatively high momentum of 0.95. The
initial learning rate was 0.0002 accompanied by a gradual drop
of 0.5 every 1000 iterations. Here, an iteration is defined as a
forward pass of the network for a mini-batch accompanied by
a backpropagation to update the weights. The parameters of
convolutiona and fully-connected layers were initialized ran-
domly from a zero-mean Gaussian distribution. This paradigm
guaranteed a slow and steady convergence of the network,
therefore training parameters such as batch-size, momentum,
initial learning rate, and regularization weight were excluded
from the hyper-parameter optimization. In each trial, training
was continued until the network converged. Convergence was
defined as a state in which no further progress was observed
in the training loss.

Since data distribution among quality-levels was not uni-
form (Fig. 3), in an effort to prevent the model from
forming a bias towards the more condensed middle scores
(i.e. 2 and 3), we designed an online mini-batch selection strat-
egy. This routine randomly chose BatchSi ze/6 samples from
each quality-level, augmented them on-the-fly, and packed
them together to form a mini-batch. As a result, the network
always perceived the training data to be uniformly distributed
among the quality-levels. Although an epoch was till defined
as the number of iterations required for the network to meet
al the training samples given a linear mini-batch selection
strategy, the training was not affected by this definition.

The Caffe deep learning framework, developed by the
Berkeley Vision and Learning Center [38] with avery efficient
GPU implementation, was used for training and testing of
the designed network. The experiments benefited from the
Nvidia GeForce GTX 980 Ti GPU with 2816 CUDA cores
and GPU clock of 1 GHz, interfaced via the CUDA runtime
platform version 7.5. Using this configuration, the trained
model calculated the AES for a frame of 267 267 pixelsin
less than 10 ms, which is sufficient for a real-time feedback
system. We aso tested the network with a sower GPU
(Nvidia GeForce GTX 480) with 480 CUDA cores and GPU
clock of 700 MHz, and the run-time for each frame did
not increase beyond 10 ms, ill satisfying the real-time
requirements.

IV. RESULTS AND ANALYSIS

The designed DCNN (Fig. 4) was trained three times on the
training data and was evaluated on the test set against expert
cardiologist’s manual scores. The performances of the trained

OVERALL ACCURACIES MATCH

TABLE Il
THE PERFORMANCE OF THE THREE TRAINED MODELS ON EACH
QUALITY-LEVEL AND IN TOTAL. ALTHOUGH THEIR PERFORMANCES
IN EACH QUALITY-LEVEL SLIGHTLY VARIES, THEIR

Mean Absolute Error (MAE)

Model 01T 2 3 4 5 | Tom
modell 064 078 085 079 059 086 | 0.72
model2 066 0.84 086 077 058 087 | 0.72
model3 069 083 083 075 059 086 | 0.72
Average model | 0.66 080 0.83 0.76 0.58 0.86 | 0.71
Overall and level-wise MAE are presented.
3L
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2+ ! '
- I !
1 1 ! -
1r ! ' !
»n L —
=
= s
-
< -1t 1 T 1 I
i ! i !
i i :
" !
3f
o 1 2 3 4 s
Quality Levels

Fig. 5. Distribution of error in each quality-level.

TABLE IlI
CONFUSION MATRIX OF THE AVERAGE MODEL. THE DARK AND LIGHT
GREEN NUMBERS INDICATE THE NUMBER AND RATIO OF EXACT

ESTIMATES AND THE NUMBER AND RATIO OF ESTIMATES
WITH |AES-MES| = 1, RESPECTIVELY

AES p(JAES — MES])

0 1 2 3 75 0 I

0 B7 29 4 3 0 0 0.51 0.90
122 47 31 19 0 0 0.40 0.84

wl| 2|14 53 570 45 14 1 0.31 0.84
23] 4 20 66 28N 129 6 0.35 0.91
410 7 33 109 [284 73 0.56 0.92
510 o0 5 18 8 5l 0.33 0.85

models were evauated as the mean absolute error (MAE)
between the predicted AES and the expert’'s manual echo
scores (MES).

Table Il presents the performance of the three trained
models for each quality-level as well as the overall accuracy of
each model. All trained models demonstrated a mean absolute
error of 0.72— 0.59 when compared with the MES. Predicted
values of the three trained models were averaged and reported
as the average model in Table || with the mean absolute error
of 0.71—0.58.

The distribution of error for each quality-level of the fina
model, calculated as Error = AES MES, isdepicted in the
boxplot of Fig. 5. The confusion matrix of the rounded net-
work AES assessed against the manual scoresis also presented
in Tablelll. A few test samples along with their corresponding
expert’s scores and their AES are depicted in Fig. 6.

A. Intra-Rater Reliability

The intra-rater reliability [39] of the expert was evaluated
via re-scoring a subset of 200 random samples. The distri-
bution of quality-levels in this randomly-selected subset was
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Fig. 6. Examples of automatic quality assessments of A4C echos (AES, right bar) along with the experts opinion (MES, left bar).

compared to the original data using Pearson’s 2 goodness-of -
fit test to confirm that it representsthe original data distribution
(p-value> 0.05).

Re-scored samples demonstrated a high agreement with the
origina scores (Cohen's = 0.80, p-value < 0.05). The
intra-rater reliability was also calculated at 0.65, which is
comparable to the estimated MAE of the network.

B. Feature Visualization

Convolutional models make it possible to visualize learned
hierarchical features to demonstrate what the network has
encoded into the fully connected layers. With this property,
one can visualize the learned kernel weights (filters) as well
as the interpretable features in each layer. The latter can be

mapped to the anatomical structures, which are visible on the
origina input image.

A visualization method was proposed by Zeiler and Fergus
using deconvolutional networks [40], in which they convolved
the resultant feature-maps with the transposed versions of their
corresponding kernels to reverse the function of conv layers.
They aso proposed max-unpooling via special switches which
record the location of the local max in each pooling region
during pooling. However, they only managed to visualize
single prominent activations in each layer separately and did
not visualize the whole feature-set encoded in a layer.

Here, we propose a novel technique which not only
visualizes a single chosen feature from any layer, but can also
visualize any combination of features. To visualize feature-
maps, they need to be back-projected into the pixel-space
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Fig. 7.

Inverting the conv layer operation. In this sample diagram, the eight stacks of conv; kernels are transposed and rearranged into

three stacks of conv; T kernels. The rearrangement is demonstrated via gray-scale shades. Arrows represent 3D convolution.

Input Image
Layer 2, feature-map No. 7

Laver 3, feature-map No. 27

Fig. 8.

Layer 1, feature-map No. 17
\
Layer 2, feature-map No. 18

Laver 3, feature-map No. 53
Feature visualization of different layers on high quality, low quality, and outlier test samples. For each input image, the assigned MES

Layer 2, all feature-maps

Layer 3, all feature-maps

(left bar) and the estimated AES (right bar) are demonstrated. As the network deepens, the level of abstraction increases. Feature-map No. 17 of
layer 1 (top-middle) as well as the accumulated feature-maps of layer 1 (top-right) contain almost all the edges of the input image. On the other hand,
feature-maps No. 27 and 53 of the third layer (bottom-left and bottom-middle) only represent the lateral walls and the septum. The accumulated
feature-map of layer 3 (bottom-right) demonstrates an abstract representation of the hearts anatomy while ignoring the noise from the previous
layers. It is worth mentioning that there is no direct one-to-one relationship between single feature-maps across different layers, as any feature-map
of a deeper layer is result of a convolution on all the feature-maps of the previous layer.

via inverting the convolution and pooling operations.
The inversions, however, will not result in the exact
reconstruction of the layer’sinput as these are lossy operations.

To invert the pooling operation of the 3 3 max-pooling
kernels with stride of two, we propose to use 5 5 bilinear
kernels to enlarge the image back to its original dimensions.

To invert the convolution operation, transposed version of
the conv kernels are convolved with outputs of the layer

(feature-maps) [40]. Inputs and outputs of the ith conv layer
can be summarized into the 3D matricesw; h; n; 1 and
w; hi n;, respectively, wherew; and h; are width and height
of the feature-map, and n; represents the number of kernels
for the ith conv layer (#kernels, see Table 1). As explained
in Section I11-C, al the conv kernels in our design were
applied with a stride of 1 on padded inputs resulting in outputs
with the same width and height.
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Kernel weights of theith layer can aso be summarized into
a4D matrix,s S n;j 1 h;, wheres represents the equal
dimensions of the kernel. In other words, this conv layer has
n; kernels, each withs § nj 1 weights, which generates
a single 2D feature-map via a 3D convolution with the input.

In our visualization method, in order to invert a kernel’s
convolutional operation, it isdisassembled into n; 1 2D sgquare
kernels of size 5, each of which is transposed and convolved
with the 2D output of the kernel to produce n; 1 reconstructed
inputs. The same operation is repeated for the k N
other kernels whose feature-maps are of interest. Finaly, the
resultant k inputs of sizew; h; n; 1 are summed up to
reconstruct the 3D input weight matrix.

The above operation can be demonstrated as a 3D convo-
lution of the conv layer’'s output with the transposed and
rearranged 4D kernel matrix. The mentioned transposed con-
volution, demonstrated in Fig. 7, is referred to as deconvolu-
tion in deep learning and computer vision literature [40], [41],
an ambiguous term which we avoid in this article.

To visuadize the network’s understanding of a sample
echo image, the top-most activations in the pool 1, pool 2
and pool 3 layers were back-projected into the pixel-space,
and visualized separately. Moreover, the accumulated back-
projections of all feature-maps in these three layers were also
visualized. Example outputs of this experiment are demon-
strated in Fig. 8.

V. DiscussiON AND CONCLUSION

It has been suggested that providing real-time quality feed-
back during image acquisition encourages less experienced
sonographers to acquire echo images of better quality [16].
In an attempt to provide such feedback, we propose a frame-
work for automatic quality assessment of echo data. We take
advantage of a fairly large dataset of 6,916 A4C images to
design, optimize and train our deep neural network model.
The result showed an mean absolute error of 0.71, which is
in the same order as the intra-rater reliability of the expert.

Asreportedin Table |1, the three trained model s demonstrate
a mean absolute error of 0.72 and exhibit aimost the same
performance on each quality level. This is an indication of
the independence of the results from the random weight
initializations in conv and fc layers, random mini-batch
selection, random data augmentation, and random dropout of
units during training.

According to the confusion matrix, which is based on
rounded scores (Table I11), among the 1,386 test samples were
only 20 images with |[AES MES| > 2, most of which were
further confirmed with the cardiologist to be outliers of the
labeling process. An exception to this, along with its features,
is shown in Fig. 8. The visualized features of layer 3 for this
input image show that the network has failed to recognize
the heart structure surrounding the left atrium, as the patient
has a prosthetic mitral mechanical valve that has caused an
artifact on the left atrium. While the cardiologist had ignored
the artifact, knowing that it could not be avoided, and scored
the image as high quality (quality-level 5), the trained network
estimated its quality aslow (quality-level 2) dueto its obscured
left atrium. This was aso the case for another test sample,

where a prosthetic material was present on the interventricular
septum. Based on these results, it is our understanding that,
since cardiac prostheses are not common, the network did not
learn to ignore prosthetic artifacts during training.

The visualized features (Fig. 8), confirmed that the network
has actually learned sensible and interpretable characteristics
of the echo with different levels of abstraction. As depicted
in this figure, feature-maps of the third layer demonstrate an
abstract representation of the heart’s anatomy, which will later
be used in the f ¢ layers for the regression model. Moreover,
it can be understood that visibility of the septum and lateral
walls, which eventually form the four chambers, are among
the prominent factors that contribute to a higher AES.

The proposed approach does not rely on hand-crafted
features or view-specific templates [16], [17], but rather it
takes advantage of a set of automatically learned hierarchical
features. Consequently, it is not directly affected by the low-
level variations of data, such as the tissue-dependent speckle
patterns of ultrasound images. As a result, no preprocessing
step, other than on-the-fly cropping, was applied on the
dataset, in neither training nor testing phases. To demonstrate
the negligible influence of speckle, repeating the tests after
filtering the images with a nonlocal means-based method had
no significant effect on the performance.

In our experiment, the trained model, deployed on the GPU,
calculated the AES of an image with 267 267 pixels in
less than 10 ms. This is faster than the native frame rate and
faster than the 35 FPS rate obtained with a Hough transform
approach applied on the parasternal echocardiograms of size
50 50 pixels[17].

Although Section 111-B provides precise definitions for the
six quality-levels, the expert cardiologist could not aways
decide on an exact quality score for a given echo due to the
nature of ultrasound imaging. This is demonstrated via the
kappa coefficient ( = 0.80) as well as the intra-rater reliabil-
ity coefficient (0.65). Moreover, in our effort to encourage sim-
plicity, optimize clinicians's time, and generate more manually
labeled samples, MES was limited to ordinal numbers. How-
ever, quality is a continuous property which justifies a con-
tinuous AES. Consequently, in our analysis, we did not round
the estimated AES values to the nearest integers. Rounding up
AES to the nearest integer resulted in a better MAE of 0.69.

Although the proposed model and DCNN architecture are
promising, some challenges remain unanswered. Future steps
include covering other standard echo views and extending the
framework to respond to the cardiac cycle (echo cine) as a
whole, rather than a single frame. In this research, the end-
systolic frame was selected to accentuate the pointed apex
that is present in an optimal A4C image. Given that this was
the first sample set, we sought to use a frame that can be
scored more precisely. Lastly, in order to reduce the variability
among observers, the scoring system for the manua quality
assessment should be upgraded to more distinctive definitions.

We believe it is feasible to train a generic DCNN that
extracts distinctive features from any echo view. With this
approach, to interpret the extracted features for a specific view,
it would suffice to limit the training only to the fully-connected
layers. Such a generalized design reduces the training time,
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requires much smaller training set, and ensures optimal quality
echo acquisition via real-time feedback to sonographers.

According to Fig. 3, the quality of a quarter of the
used samples was below the minimal clinical value of 3
(Section 111-B), for which the patient needs to be recalled for
further testing and imaging. This procedure is costly for the
health-care system. Therefore, our ultimate goal is to improve
echo by reducing observer variability in data acquisition
using a real-time feedback mechanism that helps the operator
to re-adjust the probe and acquire an optimal echo.

By minimizing operator dependency on echo acquisition
and analysis, this research would lead to widespread use
of echo at any point-of-care, hence it would enable early
and timely diagnosis and treatment of high-risk patients
with improved accuracy, quality assurance, work-flow and
throughput.
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