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Abstract

Ultrasound probe pose estimation has many applications in medical practice and research.
Currently, ultrasound probe pose estimation with respect to the human body requires the use
of sensors attached to the ultrasound probe, and may get computationally costly. We explore
the use of Convolutional Neural Networks (CNNs) to provide sensorless pose estimation. The
Ultrasound CNN model proposed in this paper learns to regress the six degree of freedom
(6-DoF') camera pose from a single ultrasound image in an end-to-end manner. Ultrasound
images are easier to obtain than other forms of medical imaging, but suffer from poor quality,
which will be a challenge for the Ultrasound CNN model. The most promising model from
our experiments is a 23 layer deep CNN based off of GoogLeNet. In previous literature,
CNNs have demonstrated that they can be used to solve complicated out of image plane
regression problems. We show how the proposed method can regress the 6DoF pose within
a certain degree of accuracy.
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Chapter 1

Introduction

The medical community has major interest in ultrasound probe pose estimation. Doctors
could use pose estimation to gain information about the exact location of scans on the body,
and pose information could be used in research for 3D reconstruction. Pose estimation
typically require the use of sensors attached to the ultrasound probe|22][18], and may get
computationally costly due to the algorithms involved. By using machine learning, we can
train a convolutional neural network to regress the six degree of freedom (6-DOF') ultrasound
probe pose on a body given an ultrasound B-mode image, thus achieving sensorless pose

estimation in an end-to-end manner.

This section will discuss the background and related research of this project, as well as

the project’s motivation.

Chapter 2 describes the implementation of the project. In particular, we will describe

the data, network architecture, and computing machinery.

Chapter 3 describes the results of the multiple iterations and improvements of the net-

work. We will discuss the shortcomings and what was learned from each subsequent iteration.

Chapter 4 describes the final results and provides analysis and discussion of the results.

We will also suggest future work based on the shortcomings of the current model.
A link and description to the github for this project are provided in the Appendix.
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1.1 Pose Estimation in Computer Vision

In computer vision, estimating the camera pose from n 3D-to-2D point correspondences is
a fundamental and well understood problem|6]. The ability to estimate the relative pose
between camera views is essential for many computer vision applications, such as struc-
ture from motion (SfM)[23|, simultaneous localization and mapping (SLAM)[12] and visual
odometry[20]. This is a fundamental problem in augmented reality, with applications of
using the camera pose with respect to the object to do 3D rendering, and in the case of
robotics to obtain an object pose to later manipulate the object|6].

Estimating the camera pose requires estimating the six degrees of freedom (translation
and rotation along the x, y, and z axes) of the pose and the following calibration parameters:
focal length, principal point, aspect ratio and skew[6]. It could be established with a mini-
mum of 6 correspondences, using the well known Direct Linear Transform (DLT) algorithm.
There are, though, several simplifications to the problem which turn into an extensive list of
different algorithms that improve the accuracy of the DLT[24]. As a result, pose estimation
is not a trivial problem to solve due to the fact that the most common issue in image process-
ing is the computational cost of applying numerous algorithms or mathematical operations

for solving a problem which humans naturally do immediately and in real time. [6]

1.2 Neural Networks in Pose Estimation

In terms of using neural networks for pose estimation in ultrasound images, there is little
work that has been done. However, CNNs have been used for camera-based pose estimation,
as well as in pose estimation related tasks such as camera motion estimation, camera relocal-
ization, and homography estimation. Ummenhofer et al.[28] proposed a CNN architecture
for depth and relative camera motion estimation between two images. DeTone et al. [13]
proposed a CNN architecture for estimating the relative homography between two images
by regressing a 4-point homography parameterization with an Euclidean loss. Both of these
methods estimated camera movement between two images, thus predicting the difference

vector between the poses for the camera between one image to the next. These are both
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camera based methods, which are different than the images given by an ultrasound probe.
However, the ability to track features and movement shown by these two methods suggest
that the same could be done on ultrasound images.

Melekhov et al. [20] used CNNs for relative camera pose estimation between two cameras.
They used a siamese network, which are two feature-based CNNs that are trained in parallel
and with respect to each other. The input to the siamese network was two images, one image
from each camera. Their network predicted a 7-dimensional relative camera pose vector Ap
containing the relative orientation vector Ag (4-dimensional quaternion), and the relative
position, i.e. translation vector At (3-dimensional), so that Ap = [Aq, At|. The resulting
vector given by Melekhov et al. is the same pose vector that this paper will attempt to learn,
with the exception that the quaternion will be in Euclidean angles. However, Melekhov et
al. used input on two cameras to learn the relative pose. Given a single ultrasound image,
the Ultrasound CNN network proposed by this paper will attempt to learn the absolute pose
of the ultrasound probe. Kendall et al. [16] proposed a CNN-based method for absolute
6-DoF camera relocalization pose estimation, using an altered version of GoogleNet. The
PoseNet architecture created by Kendall et al. was trained on the absolute poses of cameras
given images of a street in Cambridge, UK, and succeeded in pinpointing the cameras on a
map. PoseNet will be used in this paper’s CNN model as a baseline neural network pose

estimation model.

1.3 Ultrasound Imaging

Pose estimation is a major field of study in medical imaging. In medical imaging, there are
different types of image modalities, such as CT scan, MRI, PET, and ultrasound (US), used to
support medical diagnoses. We look at ultrasound imaging, as it has the benefits of free-hand
imaging, non-invasiveness, compactness, and low cost[30]. Tt is often the imaging method of
choice for assistance with surgical operations and real-time diagnoses. However, ultrasound
image quality is generally low resolution and variable: field of view (FOV) in ultrasound
images is very limited, and in some cases only 2D cross-sectional images are obtained. These

shortcomings can impede doctors from making correct diagnoses for patients. To address this
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issues, literature suggests fusing ultrasound with other, but more time consuming, methods
of medical imaging. Before the surgical operation, 3D models of target parts are obtained by
richer modalities such as CT, MRI, and PET. Ultrasound images are later superimposed onto
these models to create a rich source of information doctors can use for diagnoses|29|. Efficient
pose estimation in ultrasound can assist doctors in locating areas of interest on the patient’s
body, as well as give doctors information on where in the body they are looking at given an
image. Pose estimation is also key to being able to superimpose medical images obtained
during the operation on 3D models. Current methods of ultrasound pose estimation are
computationally costly, and require sensors to be attached to the ultrasound probe to provide
enough information to calculate the pose|21][27]|. For this thesis project, we propose a way
to estimate ultrasound poses without the use of sensors, using convoutional neural networks
(CNNs). Although sensorless pose estimation in ultrasound have been attempted before with
more algorithms based methods|29], we propose to approach this problem from a machine
learning standpoint. After training, using CNNs may dramatically reduce computational
cost because the images will be processed through a trained model, and will remove the need

for sensors because only the ultrasound image will be needed to predict the probe pose.

1.4 Project Motivation

From previous work in using machine learning in pose estimation and related tasks, we hy-
pothesize that pose estimation in ultrasound imaging can be predicted using techniques in
machine learning, specifically Convolutional Neural Networks (CNNs). CNNs are neural net-
works that are designed to have images as input, and can train to extract certain information
from the input by performing a series of transformations on the image using convolutional
and pooling layers|2]. Although ultrasound image quality is rather low resolution, we can
still see a variety of features: veins, bones, tissue, etc. Figure 7?7 shows an ultrasound scan
of the abdomen with organs an features highlighted. A trained doctor can identify these fea-
tures and could make an approximate estimate as to where the ultrasound image was taken
in the organ or on the body. With this idea in mind, we attempt multiple CNN architectures

to reach a reasonable setup to arrive at the most accurate pose predictions.
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Figure 1-1: An example of a sonography of the abdomen. The ultrasound image shows a
rounded mass in the region of the pancreatic head and isthmus, indicated by arrows. The
liver and pancreas are labled[10].

1.5 Project Use Case

The ultrasound CNN was implemented for use on a patient-to-patient basis. If this model
were to be used in hospitals, the network would have to be trained on images from one
patient at a time. This is to give the model the best knowledge of the organ that it is
trained on for each patient.

For one possible scenario, a patient has repeated visits to the hospital concerning their
liver. On the first visit, images of their liver are taken with the ultrasound probe, which are
then sent to the Ultrasound CNN model to train. For this data collection, an OptiTrack or
similar machine for 6DoF pose generation must be used to obtain ground truth ultrasound
probe pose data for each of the images. This step will require that sensors are attached to
the probe for accurate data collection.

In the time between the client’s first visit and their next visit, the model is trained to
be able to predict the pose given an ultrasound image of that patient’s organ. During the
next several visits of the patient, the model can be used to provide reasonable estimates of
ultrasound poses without the use of sensors.

Currently, this individual patient model for the Ultrasound CNN is inefficient, as it re-
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quires that the model is retrained every time there is a new patient. For future work, we
hope to generalize this model for use on multiple patients. One option for expanding the
Ultrasound CNN model is to train on data from multiple patients, however this is chal-
lenging because if the model becomes too general than the overall pose estimation accuracy
amongst patients will decrease. The goal for the current model is high ultrasound probe

pose estimation accuracy for a given patient.
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Chapter 2

Model and Implementation

2.1 Data

In Prof. Anthony’s lab in the Institute for Medical Engineering and Science (IMES), we
used an OptiTrack motion capture system to collect ground truth ultrasound images with
corresponding poses (x, y, and z position, x, y, and z rotation) to millimeter accuracy.
All the coordinates were collected using the OptiTrack|7|. The OptiTrack is an optical
tracking system which utilizes sensors to track an object’s pose. There is extensive use of the
OptiTrack’s motion capture capabilities in AR and VR|7|. A series of sensors were attached
to the ultrasound probe, then the scans were taken in front of the OptiTrack camera to
measure the ground truth poses. For convenience, the ultrasound image captures were done
on the left forearm. For this first dataset, the scans were taken on the surface of the inner
forearm with varying degrees of rotation with the probe. The dataset includes both cross-
section and longitudinal cross-section scans, as well as fanning of the ultrasound probe. This
was to capture as much of the six degrees of freedom as possible while maintaining contact
with the probe to the arm. The data collection setup is shown in Figure 2-2. We collected
9,416 ultrasound images with corresponding pose data encompassing as many ultrasound
pose orientations as feasible.

There were several limitations to data collection. Although the objective of the first
data collection was to collect images with variation in all six degrees of freedom, the not

all degrees were captured due to the constraint that the ultrasound probe needed to be in
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Figure 2-1: Ultrasound images of a forearm taken with a GE LOGIQ 9 ultrasound machine
at the MIT Institute for Medical Engineering and Science (IMES). (Left) Original image
outputted by the ultrasound machine. Includes image information and machine settings.
(Middle) Cropped square image of size 550 pixels. (Right) Scaled and subsampled version
of size 256. Used as input to the neural network model.

contact with the arm. As shown in the coordinate system in Figure 2-3, moving the probe
in the Y-axis while in contact with the arm would have been very difficult. Also, because
the images were taken by hand, there may have been uneven pressure applied to the arm
by the probe, resulting in some tissue compression that may have affected the ultrasound
scans. These may be issues to consider in future data collection.

From the images in Figure 2-1, we can see the skin layers, veins, tissue and bone give cues
as to where the image was taken. From general observation we see that the image quality is
low resolution. Although boundaries and edges can be seen clearly in the grayscale image,
there is a lack of distinct texture and trackable features. These are all properties of current
ultrasound imaging technology.

Several different datasets were collected to use on the ultrasound CNN architecture. The
first dataset, with full six degree of freedom motion consisted of 9418 images and corre-
sponding 6DoF pose vectors on a subject’s forearm. A second dataset of 1687 images and
pose vectors was taken of the same subject’s forearm, but with only movement in one axis.
Images were taken only along the x-axis as shown in Figure 2-3 while maintaining constant
rotational orientation. Finally, a third dataset of 4059 images and pose vectors was taken
of an ultrasound phantom organ. In each dataset, 70% of the images were used for training

and the remaining 30% were used for testing. Position data taken from the OptiTrack are
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Figure 2-2: (Left) Data collection setup. (1) GE LOGIQ 9 ultrasound machine, (2) Ultra-
sound probe with Optitrack sensors attached, (3) Optitrack camera. (Right) Close-up image
of the ultrasound probe. The Optitrack sensors are circled in green.

+Y

+X

Figure 2-3: Diagram of a coordinate system similar to the one used in the OptiTrack super-
imposed on a model forearm.
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in centimeters and rotation data is in degrees.

2.1.1 Data Processing

The original basis of our network is GoogleNet, which takes in 2566x256 pixel images as
input. The ultrasound image data had to be cropped and subsampled to the correct size to
be passed through the convolutional neural network model. The original ultrasound images
were of size 850x649 pixels, and contained a wide border and text that was not needed in
our network. The border was cropped, leaving a 5565x555 size section containing the actual
ultrasound information. These images were then subsampled down to 256x256 pixels so they

could be put into the model network.

2.2 GoogLeNet

Drawing inspiration from the works of Kendall et al. [16] and Tajbakhsh et al. [26], the
first implementation of the ultrasound pose regression network was an altered version of
GoogLeNet|25], a deep neural network architecture for image classification.

GoogLeNet is a 22 layer (27 layers counting the non parametrized pooling layers) con-
volutional network with nine "inception modules". GooglLeNet also included two additional
intermediate classifiers which are discarded at runtime. The changes we made to GoogleNet
will be explained in section 2.3.

GooglLeNet, also known as Inception, from Google was the winner of the ImageNet Large
Scale Visual Recognition Competition (ILSVRC) 2014 competition, an image classification
competition. It achieved a top-5 error rate of 6.67%, which was very close to the best human
level accuracy, which was 5.1%. GoogLeNet was inspired by LeNet! but implemented a novel
element called an inception module. The module utilizes several very small convolutions in
order to drastically reduce the number of trainable parameters. The resulting 22 layer

architecture had 4 million parameters, much less than AlexNet?, which only contained 8

I Also known as LeNet-5, a pioneering 7-level CNN by LeCun et al. in 1998. LeNet was used to classify
handwritten digits in the form of 32x32 pixel grayscale images.[19]

2ILSVRC 2012 winner, achieved top-5 error of 15.3%, more than ten percentage points lower than the
runner up. The network had a very similar architecture as LeNet but was deeper, with more filters per layer,
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Figure 2-4: GoogLeNet|25] architecture, displaying the six inception modules and three
output layers. Blue nodes are convolution layers, red nodes are max pooling, and the yellow
nodes are output layers. The first two green nodes are normalization layers, and the other
green nodes seen after each inception module is a concatenation layer.

layers but had 60 million parameters.|4]

2.2.1 Inception Layers

The basis behind the inception layer is to cover a bigger area of the image, but also keep a
fine resolution for the higher resolution details on the images. Inception uses convolutional
layers in parallel with different filter sizes to get higher resolution features (1x1 filters) to
lower resolution features (5x5 filters). Using 1x1 filters allow for cross-channel correlations,
while larger filters (i.e. 3x3) allow for both cross-channel and cross-spatial correlations. The
inception modules are a series of trainable filters with different sizes to handle better multiple
objects scales. The most straightforward way to improve performance in deep learning is
to make the network deeper (add more layers) and train on more data. GoogLeNet uses 9
inception modules and has 4 million parameters, meaning that it is more prone to overfit.
GoogLeNet mitigates the issue of overfitting by using techniques such as dropout and data

augmentation|25].

and with stacked convolutional layers.[17]
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2.3 Ultrasound CNN Network Implementation

In order to emulate the six degree of freedom absolute pose relocalization system implemented
by Kendall et al. , the following changes were added to GoogLeNet as mentioned in their
PoseNet paper[16]. The PoseNet model will serve as a baseline to the Ultrasound CNN

model:

e Replace all three softmax classifiers with fully connected layers with linear activation
functions. The softmax layers were removed and each final fully connected layer was

modified to output a pose vector of 6 dimensions representing position and orientation.

e Insert another fully connected layer before the final layer of feature size 2048. This
is to form a feature vector with pose information which will later be analyzed for

generalization.

e Change the original cross entropy loss function to L2-norm least squares loss.

Through experimentation and literature search, the following changes have also been

added to the network architecture:

e Remove the local response normalization layers and replace with batch normaliza-
tion layers after each convolution layer. The original GoogLeNet used local response
normalization, which has been widely faded out in favor of techniques such as batch

normalization and dropout|2].

e Change the L2-norm least squares loss function in PoseNet to L1-norm least absolute

deviations loss.

2.3.1 Batch Normalization

When training deep neural networks, the distribution of each layer’s inputs changes due the
parameters of the previous layers changing. This slows down training by requiring lower
learning rates and careful parameter initialization, and makes it notoriously hard to train

models with saturating nonlinearities. This is called internal covariate shift[19], and this
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problem can be addressed by normalizing layer inputs|[15]. Normalization is made a part
of the model architecture and the network performs the normalization for each training
mini-batch. In the case of this network, the batch size is 5. Batch normalization allows for
much higher learning rates and more flexibility in weight initialization. It can also act as a
regularizer, in some cases eliminating the need for dropout®. Applied to a state-of-the-art
image classification model, Batch Normalization achieves the same accuracy with 14 times
fewer training steps, and beats the original model by a significant margin. An ensemble
of batch-normalized networks trained on ImageNet data achieved the best published result
(as of 2017) on ImageNet classification: reaching 4.9% top-5 validation error (and 4.8% test
error), exceeding the accuracy of human raters, which was 5.1%[15].

Batch normalization normalizes the output of a previous activation layer by subtracting
the batch mean and dividing by the batch standard deviation. However, after this shift /scale
of activation outputs, the weights in the next layer might no longer optimal. Stochastic
gradient descent (SGD) undoes this normalization in order to minimize the loss function.

Batch normalization thus adds two trainable parameters to each layer, a standard devi-
ation parameter () and add a mean parameter (3). As a result, batch normalization lets
SGD do the denormalization by changing only these two parameters for each activation,
instead of changing all the weights in the network. The equations for batch normalization

are shown in Figure 77, which are from the original batch normalization paper|15].

2.4 Loss Function

2.4.1 L2 Loss

The first pass of the network was the PoseNet model from Kendall et al. , which used

GooglLeNet as it’s base. This version used an L2-norm least squares loss function, given by

S = > (i~ S

3Dropout refers to "dropping" or ignoring nodes (i.e. neurons) at random (with probability p, also known
as the dropout rate) during the training phase. These nodes are not considered during a particular forward
or backward pass. This is to prevent the network from overfitting the training dataset[14]
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Algorithm 1: Batch Normalizing Transform, applied to
activation = over a mini-batch.

Figure 2-5: Batch normalization from Ioffe et al. . Normalization is done by subtracting the
inputs by the batch mean and dividing by the batch standard deviation

where S is the loss, y; is the ground truth pose vector of the ith sample, and f(x;) is
the CNN output of the pose vector of given by the 7th sample. L2-norm is a widely used
loss function, as it is very sensitive to differences between the training output and ground
truth (using a squared loss as opposed to linear) and it has a stable, single solution. A
"stable" solution means that for any small adjustment of a data point, the regression line
will only move slightly as opposed to jumping past a configuration. This is due to the fact
that the regression parameters are continuous functions of the data. L2-norm loss is also less
computationally expensive than L1-norm loss.

However, the one of the shortcomings of L2-norm loss is that it is not very robust. Outliers

in the data can greatly affect the regression solution given by L2-norm loss|5].

2.4.2 L1 Loss

In later iterations of the network, using L1-norm least absolute deviations loss performed

better in terms of accuracy. L1-norm loss is given by
S=> lyi— f(w)
i=1

where the same as above, S is the loss, y; is the ground truth pose vector of the ¢th sample,
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Table 2.1: AWS p2.8xlarge Instance Specifications

Instance GPU vCPU Memory | Parallel GPU Network

Name Count Count Processing | Memory | Perfor-
Cores mance

p2.8xlarge 8 32 488 GiB | 19,968 96 GiB 10 Gigabit

and f(z;) is the CNN output of the pose vector of the ith sample. L1-norm is another widely
used loss function in deep learning. While not as sensitive as the L2-norm, L1-norm is more
robust, meaning that outliers do not have as much of an affect on the regression solution as
the L2-norm.

However, the shortcomings of the L1 loss is that it is not as stable and can possibly have
multiple solutions. Ll-norm is also more computationally expensive. It does not have a
closed form solution because it is a non-differenciable piecewise function, as it involves an

absolute value|5].

2.5 GPU and Computing Resources

GooglLeNet is a deep neural network with many parameters, and would need a considerable
amount of computing power to train in an acceptable amount time. This network was trained
on a p2.8xlarge computing instance on Amazon Web Services’ (AWS) Elastic Compute
Cloud (EC2). The specifications of Amazon’s p2.8xlarge instance are listed in Table 2.1[1].

The p2.8xlarge instance uses 8 NVIDIA K80 GPUs, which are compatible with CUDA
and OpenCL. Amazon’s P2 instances also use GPUDirect™ (peer-to-peer GPU communi-
cation) capabilities for up to 16 GPUs, so that multiple GPUs can work together within a
single host|[1].

The instance was launched from an Amazon Machine Image (AMI) with Ubuntu 16.04
LTS. The AMI included Tensorflow GPU packages, the CUDA computing platform, and the
CUDA Deep Neural Network library (cuDNN) pre-installed and set up|8].

Each version of the network took one to three days to train 30 epochs on the aforemen-

tioned architecture.
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2.6 Final Implementation of the Ultrasound Pose CNN

The final implementation of the ultrasound CNN was an implementation of GoogleNet that
took in 256x256 pixel grayscale ultrasound images as input and regressed the 6 degree of
freedom pose vector as output. The network used batch normalization after every convo-
lutional layer and L1-norm loss on the output vector. In terms of other iterations of our
model, this configuration worked the best by far in terms of accuracy in both position and

rotation.
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Chapter 3

Network Iterations and Analysis

This section will discuss the different iterations of our ultrasound pose CNN network, and
the changes and improvements with each step. Each version of the network trained for 20
epochs on the forearm dataset with the full unconstrained 6DoF range. The training set was
6592 images, and the results are given by the performance on the test set of 2826 images.
The results for all of the iterations are given by Table 3.2, and will be referenced in the

proceeding sections in this chapter.

3.1 GoogLeNet First Pass Based on PoseNet

The first implementation of the network was based off of Kendall et al. ’s implementation of
PoseNet, which was an altered version of GoogleNet that focused on the regression of 6DoF
pose vectors from camera based images of buildings in Cambridge, UK[16]. The network
was trained with the hyperparameters in Table 3.1.

The tensorflow implementation of an exponential decaying learning rate was used with

the network. It is defined as:

a = agkt"

Where a is the decayed learning rate, ag is the original learning rate, k is the decay rate,

t is the global time steps, and 7" is decay steps|9]. ag, k, and T" are set as hyperparameters in
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Table 3.1: Hyperparameters for Ultrasound CNN (Default)

Parameter Name

Value

image_size
batch_size
thread_num
learning_rate
1lr_decay
decay_steps

max_epochs

256

S

10
0.00316
0.00316
210000
20

Average Euclidean Distance Between Network Output and Ground Truth

Distance (cm)
o

IS

First Pass  Batch Norm Batch Norm, Batch Norm, Batch Norm, Batch Norm, Batch Norm, Batch Norm,
Scaled L2 L1 Loss Scaled L1  Size 512 L1 Loss, No Dropout
Size 512

Average Euclidean Angle Distance Between Network Output and Ground Truth

Distance (degrees)

First Pass Batch Norm Batch Norm, Batch Norm, Batch Norm, Batch Norm, Batch Norm, Batch Norm,
Scaled L2 L1 Loss Scaled L1  Size 512 L1 Loss, No Dropout
Size 512

Figure 3-1: Graphs depicting the average Euclidean distance (left) and Euclidean angle
distance (right) between the network output and ground truth on the test data.
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Table 3.2: Performance Accuracies of Various Ultrasound CNN Models

Performance of various models on the 6DoF unconstrained forearm dataset. Displays per-
centage of test dataset where the estimate was within lcm, 2cm, 10°, and both lem and 10°
of ground truth. The model with the best performance is in bold.

Model % Accuracy | % Accuracy | % Accuracy %'Ac.curacy
L o . o o | within lem
Description within lem | within 2cm | within 10 o
and 10
Baseline 1.91% 5.52% 29.98% 0.39%
(PoseNet) e 0270 o0 "0
Batch Norm 3.47% 16.34% 49.75% 3.22%
Batch Norm,
Sealed Lo-norm 0.53% 6.90% 44.83% 0.28%
Batch Norm, 1, o0 34.75% 50.92% 9.24%
Ll-norm Loss
Batch Norm, 10.65% 35.56% 45.08% 8.00%
Scaled L1-norm
Batch Norm, 5.13% 28.13% 52.87% 4.74%
Size 512
Batch Norm,
L1-norm Loss, 2.37% 8.92% 25.80% 1.10%
Size 512
Batch Norm, 1.78% 8.95% 922.04% 1.01%
No Dropout
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the network, and are labeled as learning_rate, lr_decay, and decay_steps respectively
in Table 3.1.
PoseNet uses L2-norm loss as the loss function, and the original implementation uses

local response normalization instead of batch normalization.

3.1.1 Result and Shortcomings

The baseline, PoseNet, had an mean Euclidean loss of 6.00, a mean Euclidean angle loss
of 19.95, percent accuracy within 1 cm of 1.91%, percent accuracy within 2 cm of 5.52%,
percent angle accuracy within 10 degrees of 29.98%, and a combined percent accuracy within
lem and 10 degrees of 0.39%. The performance of the baseline is rather poor as the accuracy
is very low.

There are a number of reasons as to why the network may have fell short: the starting
hyperparameters and network architecture were not optimal to efficiently train the network,
or the loss function was not efficient. The issue could also be with the data set: the input
data was too low resolution to extract trackable features in the network, or that the images
were not spatially unique enough for there to be major differences between the images at
different positions or orientations.

In order to make training faster and more efficient, one of the common optimizations is

to add normalization to the layer inputs, which was added to the next iteration.

3.2 Adding Batch Normalization

The paper for GoogleNet (2014) was published before Ioffe et al. released their paper on
batch normalization (2015). However, the concept of normalizing the layer inputs existed
beforehand, and we see that GoogLeNet uses two local response normalization layers in the
network before the inception modules|25]. In recent literature, however, older methods of
normalization such as local response normalization have widely faded out in favor of batch
normalization|2].

The second iteration removed the local response normalization layers and added batch

normalization after each convolution layer in the network. As explained in Chapter 2, batch
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6DoF Vector

-14.911227
-3.565171
-2.687232

-13.682260
7.456442

103.805908

256 x 256 image

Figure 3-2: Diagram of added batch normalization layers on top of the original Googl.eNet.
The bright green lines represent the points of the network where batch normalization was
added. These are after each of the convolution layers (blue nodes).

normalization addresses the problem of internal covariate shift, in which the range of in-
puts changes with each training iteration as a result of changing network parameters. The

normalization is done for each training mini-batch[15].

3.2.1 Result and Shortcomings

Both angle and position accuracy performance of the network improved with the addition of
batch normalization. The second iteration yielded a mean Euclidean loss of 4.02cm, a mean
Euclidean angle loss of 13.19°, percent accuracy within 1 em of 3.47%, percent accuracy
within 2 cm of 16.34%, percent angle accuracy within 10 degrees of 49.75%.

The resulting network ended up being around 2x more accuracte in terms of position
and around 1.5x more accurate in rotation. All future iterations used batch normalization,
as it noticeably improved the network’s performance. However, the positional accuracy was
still very low. The network’s performance could be due to sub optimal network architecture
and parameters, but the main challenge faced by the Ultrasound CNN is that the dataset
is low resolution and rather uniform. For future iterations we experiment with different
optimizations with the network, but the 6DoF unconstrained forearm dataset continues to
be a major challenge with the lack of spatial uniqueness and defining features.

The next step for optimization was to try different loss functions. L2-norm loss is a very
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standard loss function, which is optimal if there is a constraint with computing resources and
if the data has outliers. The ultrasound data is constrained within a set area on the body,
so there is no expectation for outliers. In this case, experimenting with the loss function is

ideal to optimize the performance of the network.

3.3 Scaling the Loss Function

Experimenting with the loss function is critical for optimal network performance. In the
PoseNet paper, Kendall et al. added a single scaling factor for the rotation values of their
position vector. This is intuitive as position and rotation have completely different ranges
and units, and the loss function might give more weight to one over the other. Instead of a
single scaling factor for the rotational values, a scaling factor was calculated for each element

of the vector. Our loss function thus looks like:

S = 121 m(%‘ — f(x:))

The scaling factor of each element is equal to one over the range of that element. The
range was calculated by parsing the training set ground truth file prior to training the

network.

3.3.1 Result and Shortcomings

Both angle and position accuracy performance of the network unexpectedly decreased when
the loss function was scaled. The third iteration yielded a mean Euclidean loss of 5.13cm, a
mean Euclidean angle loss of 14.06°, percent accuracy within 1 cm of 0.53%, percent accuracy
within 2 cm of 6.90%, percent angle accuracy within 10 degrees of 44.83%, and a combined
percent accuracy within lem and 10 degrees of 0.28%.

The results for the scaled loss function were very poor and unexpected, so the network
was retrained twice to verify these results, once with the same hyperparameters, and once
with different hyperparameters. However, there was little change in the results. It was

concluded that scaling the loss function was detrimental to the network’s performance. The
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loss function dramatically changed the network’s performance, so further experimentation

was needed if a similarly dramatic increase in performance could be reached.

3.4 Using L1 Loss

The next iteration used L1-norm least absolute deviations loss for the loss function. While
not as sensitive as the L2-norm, L1-norm is more robust, meaning that outliers do not have
as much of an affect on the regression solution as the L2-norm. L1l-norm has similar form to

L2-norm except we take the absolute value of the differences instead of squaring them.

L1l-norm loss is give by:

=2 lyi— f(x)l

where S is the loss, y; is the ground truth pose vector of the ith sample, and f(z;) is the
CNN output of the pose vector of the ith sample.|5]

3.4.1 Result and Shortcomings

Angle and position accuracy dramatically improved with the implementation of the LL1-norm
loss function. This iteration yielded a mean Euclidean loss of 4.00cm, a mean Euclidean
angle loss of 14.42°, percent accuracy within 1 em of 10.65%, percent accuracy within 2
cm of 34.75%, percent angle accuracy within 10 degrees of 50.92%, and a combined percent

accuracy within lem and 10 degrees of 9.20%.

Compared to the previous iterations, these results were a great improvement in terms of
positional accuracy. While angle accuracy slightly improved from the previous best (using
batch normalization and unscaled L2 loss), the positional accuracy more than doubled from
the previous best. One hypothesis as to why this may be is because L1 loss is more robust,
and can thus generalize better to the dataset. The image quality is very poor, and a more

general loss function would be needed.
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3.4.2 L1 Loss with a Scaled Loss Function

Even though scaling the loss function in the previous iteration actually resulted in worse
performance, one iteration of the network was trained with a scaled L1-norm loss function,
as it would in theory improve the performance of our network.

Similar to the scaled L2-norm loss function, each absolute difference was multiplied by a

scaling factor based on the vector element range. The scaled L1-norm function is given by:

- 1
S = ;mhﬁ — f(z3)]

The results of this loss function were more or less the same as the results of unscaled L1-
norm loss. Both angle and position accuracy performance of the network slightly went down
when the loss function was scaled. This iteration yielded a mean Euclidean loss of 4.09¢m,
a mean Euclidean angle loss of 15.63°, percent accuracy within 1 ¢cm of 10.65%, percent
accuracy within 2 cm of 35.56%, percent angle accuracy within 10 degrees of 45.08%, and
a combined percent accuracy within lem and 10 degrees of 8.00%. This further confirmed
that the scaled function did not contribute significantly to the network, and was thus not

used in future iterations of the network.

3.5 Increasing Input Size

Ultrasound images are by nature very low quality. Scaling the ultrasound images from a
550px square image to 256px square image might have removed information from an image
where this is not a lot of information. Therefore, an increased input size from 256x256 to
512x512 increases the amount of information going into the network. This increase did not
require changes to the neural network as the 512px images are eventually downsampled to

the same size as the 256px images when going through GooglLeNet.

3.5.1 Results using L2 Loss

Angle and position accuracy increased from the original pass of network using unscaled L2-

norm loss. However, the network did not do as well as the pass with L1-norm loss on size
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256px images. This iteration yielded a mean Fuclidean loss of 4.16cm, a mean Euclidean
angle loss of 12.72°, percent accuracy within 1 cm of 5.13%, percent accuracy within 2 cm
of 28.13%, percent angle accuracy within 10 degrees of 52.87%, and a combined percent
accuracy within Iecm and 10 degrees of 4.74%.

From these results, using the 512x512 image looked like a promising improvement for the
network. Intuitively, the accuracy increased due to the increase of information going into

the network. The next step was to combine the larger image input with L1-norm loss.

3.5.2 Results using L1 Loss

Both angle and position accuracy performance of the network unexpectedly decreased when
using the 512px image input with L1-norm loss. This iteration yielded a mean Euclidean loss
of 5.49cm, a mean Euclidean angle loss of 23.57°, percent accuracy within 1 cm of 2.37%,
percent accuracy within 2 ecm of 8.92%, percent angle accuracy within 10 degrees of 25.80%,

and a combined percent accuracy within lem and 10 degrees of 1.10%.

This result was unexpectedly poor. Unscaled L1-norm loss yielded the best performace
so far by a wide margin, and using 5122512 images improved performance significantly on
the L2-norm loss model. However, using L1-norm and 5122512 yielded very poor results,
doing only slightly better than the baseline and the scaled L2-norm model, and performing

worse by far to the other iterations.

3.6 Best Model

The best model from the multiple iterations of the network is the Googl.eNet using batch
norm and unscaled L1-norm loss on 2562256 images. This model performed slightly better
than same model with scaled L1 loss, and outperforms the other models by far in terms of
positional accuracy and rotational accuracy. The model itself was one of the earlier iterations

and still remains the model with the best accuracy by a large margin.
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3.7 Analysis

From our results, L1-norm loss significantly performs better than L2-norm loss when using
batch normalization and 256x256 image size. These results were unexpected and the final
architecture ended up being surprisingly simple.

L1 norm may have suited this problem better than L2 norm as the sparsity property
of the L1 norm was ideal for this problem, and to a lesser extent the robustness property.
The data itself does not have many outliers, since all of the data is contained within a small
volume of 3D space (the volume of the body part that was scanned). The sparsity property
of L1-norm is valuable as it helps in feature selection. Feature selection is a further-involved
form of sparsity: instead of shrinking coefficients near to 0, feature selection is taking them
to exactly 0, and hence excluding certain features from the model entirely. In a model where
features are less defined, having a stricter feature selection property is important to filter
out less important features that may affect the network regression.

The surprising result that we reached was that using the 512x512 image input with L1-
norm loss actually lowered accuracy dramatically. This was surprising because, intuitively,
using a bigger image would mean having more information as input, which would lead
to better regression in the network. This is possibly a result of the Hughes effect, also
known as the Hughes phenomenon or the curse of dimensionality!, which states that as the
dimensionality of the problem increases (in this case, the size of the input), the volume
of the feature dimension space increases so fast that data actually becomes sparse[11]. To
combat this problem, an incredibly large amount of training data is needed to cover the
possibilities of the input space. This is very difficult with our limited amount of data. As
a result, increasing the dimensionality of our problem decreases the predictive power of the
network, which gives a possible explanation as to why the network performed so poorly on

the 512x512 images. It seems like increasing the input size was only detrimental to the result

!'The Hughes effect describe a series of phenomena in highly dimensional feature space. The curse of
dimensionality refers to the problems that arise with these phenomena, including the exponential need for
more data when the dimensionality increases. Complementary to the curse of dimensionality is the blessing
of dimensionality. This is less widely noted but includes the concentration of measure phenomenon, in which
certain random fluctuations are very well controlled in high dimensions and the success of asymptotic method.
These are used widely in mathematical statistics and statistical physics, and suggest that statements about
very high-dimensional settings may be made where moderate dimensions would be too complicated.[11]
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of the network using Li1 loss, and actually increased the accuracy of the network using L2 loss.
This is an interesting problem, and it seems that the combination of the loss function and
input size can greatly affect the resulting performance of the network. This may be because
L2 loss is much more stable than L1 loss, and as such the loss scales better with higher
dimensions. However, working with higher dimensions overall did not seem to significantly
enhance performance, the input size was scaled back to 256x256 pixels. The final network
performed much better than the baseline, which was the PoseNet implementation, but the
final performance was still rather poor in terms of total accuracy. The following chapter will
discuss the network’s performance on different datasets, and the last chapter will discuss
these results, the persistent challenges encountered during this project and future work to

overcome the aforementioned challenges and further optimize the network.
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Chapter 4

Performance on Different Datasets

The ultrasound data collected on the forearm was relatively uniform, as there are not many
features within forearm ultrasounds to track. Two more datasets were collected to see how
the network would perform on data with more features and data with constrained output.
One dataset was taken of an ultrasound phantom, with features that are clearly defined and
mapped out in the phantom. The second dataset was taken of the same forearm as the
original data, except movement was constrained to only one direction along the forearm,

with no rotation.

4.1 Ultrasound Phantom

4.1.1 Dataset

The network was trained on ultrasound images taken from an ultrasound phantom to observe
how the network performed on images with clearly defined features. The dataset was taken
from a CIRS General Purpose Ultrasound Phantom Model 054GS.[3] Figure 4-1 shows a
diagram of the layout of features within the phantom, as well as an ultrasound image showing
some of the features. Each feature (e.g. dot, cyst) is clearly defined in the ultrasound layout
and the features are positioned in a clear unique pattern. For this data collection, there was
minimal variation in rotation as the phantom is flat and rigid, thus making it difficult to

maintain contact if the ultrasound probe is rotated away from the phantom surface. Data
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Figure 4-1: (Left) Diagram of the layout of features within the ultrasound phantom.|3]
(Right) Ultrasound image of the phantom. Features shown in the layout diagram can be
seen in the ultrasound.

was collected with different probe orientations perpendicular to the surface of the phantom,
and there was minimal fanning. There were 4059 images taken from the phantom, and this
data was split into 70% for training and 30% for testing. There was less freedom of movement
with the phantom, and the surface of the phantom is relatively small (17.8cm x 12.7cm), so

less data was needed to take images that encompassed the volume of the phantom.

4.1.2 Results

As shown in Table 4.1, the Ultrasound CNN model achieved very high positional accuracy,
most likely due to the defined features in the dataset. The rotational accuracy is less than
expected given that there was minimal rotation within the dataset, but the accuracy is still
rather high. Having multiple defined features drastically increases the performance of the
network, which is expected as convolutional neural networks optimize on features. However,
a dataset with well defined features will not always be available in ultrasound data collected
on patients, so the Ultrasound CNN model will need to be improved to handle ultrasound
images with less structure. These results also imply that the rotational accuracy of the
network is still relatively poor. The data set contained very defined features, yet rotational
accuracy is still less than 80%. One focus for future work in the network is to improve the
network’s prediction for the probe’s rotation. Improving rotation might also boost accuracy

for the probe position.
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Table 4.1: Performance Accuracies of Ultrasound CNN on Ultrasound Phantom

Ayerage Average % Accuracy | % Accuracy | % Accuracy %.Ac%curacy
Distance Angle Loss e o s o | within lem
within lcm | within 2cm | within 10 o
Loss (cm) (degrees) and 10
0.16 15.402 100.00% 100.00% 79.00% 79.00%

4.2 Constrained Movement Dataset

4.2.1 Dataset

Another set of ultrasound images was taken of a forearm, except movement was constrained
to one axis along the forearm. There is no rotational movement in this dataset, except for
small fluctuations when moving the ultrasound probe (the dataset was taken manually with
the probe). When constraining movement to one direction along the arm, the layers of muscle
and veins create enough features that the Ultrasound CNN model can track. Without the
ambiguity given by multiple different orientations of the probe, the problem of identifying
the probe’s position becomes a lot easier. There were 1686 images taken from the phantom,
and this data was split into 70% for training and 30% for testing. The probe’s movement
in this data was severely constrained, so there was a lot less unique data to encompass the

forearm.

4.2.2 Results

The model had very high positional and rotational accuracy on the constrained forearm
dataset, as shown in Table 4.2. This was a significant improvement to the results of the
model on the original dataset, which was collected on the same forearm. The model predicts
the probe position with significantly higher accuracy when there is no variation in rotation.
Rotating the probe can introduce many ambiguities, because the subject can have many

features from one angle and be completely uniform from another angle. With the forearm,

IStandard Deviation: 0.027
2Standard Deviation: 24.290
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the images are sometimes completely uniform when taking longitudinal cross section images,
so the ultrasounds would look the same even taken at different locations. By constraining
rotation and only having the model learn on position, the model becomes very accurate in

predicition position.

Table 4.2: Performance Accuracies of Ultrasound CNN on Constrained Forearm Data

Ayerage Average % Accuracy | % Accuracy | % Accuracy %'AcEcuracy
Distance Angle Loss o . s within lcm
within lcm | within 2cm | within 10° o
Loss (cm) (degrees) and 10
0.453 6.90* 97.70% 97.70% 95.40% 95.40%

4.2.3 Analysis

The Ultrasound CNN model yielded very high positional accuracy when trained on datasets
with defined features and limited rotational movement. Having defined features such as dark
cysts and bright dots can give the network clear information about the probe’s location.
Constraining rotation also limits the amount of ambiguous data the network is exposed to
during training. Depending on the orientation of the probe, the ultrasound images can be
completely uniform and identical at different locations. In practice, however, there might not
be the luxury of being able to constrain the data or having clear features in the images. For
future iterations of the network, it is important to optimize performance on more ambiguous

and uniform datasets so that the network can be flexible with imperfect data.

3Standard Deviation: 0.293
4Standard Deviation: 14.822
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Chapter 5

Discussion and Future Work

5.1 Discussion and Challenges

The final network architecture of Ultrasound CNN is an altered version of Kendall et al. s
PoseNet with batch normalization and L1 loss. This network performed much better than the
baseline, which was the original PoseNet implementation. However, the final performance
was still rather poor on the forearm data with all six degrees of freedom. The network
resulted in a percent accuracy within 1 cm of 10.65% (34.75% within 2 cm), and percent
angle accuracy within 10 degrees of 50.92%. In order for this network to be effective in
practice it will need to perform at much higher accuracy.

When trained on highly defined data and constrained data, the network performed at a
very high positional and rotational accuracy. For the phantom data, the network achieved
100% positional accuracy on the test set and 79% rotational accuracy, which is a great
improvement to the previous less defined dataset. On the constrained forearm dataset, the
model achieved 97.70% positional accuracy and 95.40% rotational accuracy. This dataset
was collected from the same subject as the original forearm dataset, but the movement was
severely constrained, which resulted in a much higher performance. Training the network on
different datasets stresses the importance of how training data impacts the performance of
the network. However, when doing data collection on actual patients, there may not be the
luxury of having clear or constrained data. If this model were to be used in practice, then

collecting data with constrained rotation will be very important.
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The problem of doing any sort of regression on ultrasound images is that the images are
by nature of very poor quality, so it would be difficult to isolate and track features on the
images. As a result, many of the images with very different pose vectors end up look very

similar, and it might be challenging for a simple CNN to effectively regress the pose vector.

Other issues that are common to machine learning problems is being able to optimize
the network within reasonable computing resources. Throughout the project, there were
difficulties procuring cost effective GPU computing power to train the network on. Even
though GoogLeNet uses inception modules to reduce the total number of parameters needed
for different convolutions, it is still a highly parameterized deep network. The network thus
took very long to train on a normal GPU setup. The AWS instance trained 20-30 epochs in
one day for 256x256 pixel input size images. However, these instances can quickly become

expensive, so further computing optimizations will be needed for this network.

The following section describes future optimizations and directions this project can take

if this project were to continue.

5.2 Future Work

5.2.1 Using Images with More Structure

One suggestion that came about in meetings was to use ultrasounds from a different body
part with more structure. The forearm was originally selected for convenience and easy
control of probe movement, but there were suggestions of imaging the throat, leg, or liver,
due to there being more structure and thus more features. It is very possible to get different
network performance on different body parts, and which may further give a proof of concept
that the Ultrasound CNN can regress the 6DoF pose vector. There is proof from the phantom
data results that the network does perform very well with more defined data, so it would be

of interest to observe how network performance changes with different body parts.
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5.2.2 Multiple-Image Input

In practice, when doctors take ultrasounds they would fan the ultrasound probe or compress
the body part with the probe to give a better idea of what they were looking at. This would
give them multiple images to better estimate where the ultrasounds are in the patient’s body.
Following this practice, another idea is to take multiple images as input to the network, either
of sweeps from the same position on the body part or of images taken at different compression
levels. The first option gives more information on surrounding tissue and the second gives
information on tissue softness.

Using multiple image input was actually attempted at the later stages of this project,

but was not completed due to time constraints and limited access to computing resources.

5.2.3 Classification Problem

There have been other applications of turning regression tasks into classification tasks in
machine learning by making the output space discrete instead of continuous. This can be
done by putting the output space into "bins" and classifying each sample to a single bin.

There are a number of benefits to doing classification as opposed to regression:

e There are powerful loss functions that can be used on the fully connected layer’s prob-

abilities for each class, which include cross entropy loss and hinge loss.

e The output space is severely decreased and constrained to a finite number of discrete

classes
e (Can train well with limited data
e Easier measurement for accuracy

Of course, there are disadvantages to putting the output space into bins, including losing
a lot of information in the predictors. If this model were to be turned into a classification
problem instead of regression problem, more research would need to be done on the use case

of this network and how much information can afford to be lost.
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5.2.4 3D Reconstruction

Kendall et al. expanded upon their PoseNet implementation to use 3D reconstruction, and
were able to reconstruct the streets of Cambridge, UK using the image data they received.|16]
This would be a great tool to visualize the inner structure of the scanned subject, and how

well the network can predict the probe’s location.

5.3 Conclusion

Although the model performed better than the baseline of PoseNet in terms of accuracy,
but there is still a lot of work to be done to refine the network enough to use in practice.
The network performed very well when the dataset was "cleaned": the data contained clear
features, and the output space was constrained so there was little probe rotation. However,
the network still performed very poorly on more ambiguous data, stressing the importance
of the constraints training data. If the network were to be used in practice as is, there would
need to be several restrictions on the training data. There are different routes this project can
take in terms of improving network performance, including scanning different body parts to
see difference in performance, turning this regression problem into a classification problem,
and using multiple images as input. Using machine learning to learn poses on ultrasound
probes is a novel idea, and we believe we are slowly breaking into the field with the advances

in this project.
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Appendix A

Code

The code for this project can be found at github.mit.edu/eyxue/ultrasound-cnn. This repos-
itory includes all of the models mentioned in this paper, as well as scripts for data processing

and data analysis.
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