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Abstract

Purpose: Single photon emission computed tomography (SPECT) is considered
as a functional nuclear medicine imaging technique which is commonly used in the
clinic. However, it suffers from low resolution and high noise because of the physical
structure and photon scatter and attenuation. This research aims to develop a compact
neural network reconstructing SPECT images from projection data, with better
resolution and low noise.

Methods and Materials: This research developed a MATLAB program to
generate 2-D brain phantoms. We totally generated 20,000 2-D phantoms and
corresponding projection data. Furthermore, those projection data were processed with
Gaussian filter and Poisson noise to simulate the real clinical situation. And 16,000 of
them were used to train the neural network, 2,000 for validation, and the final 2,000 for
testing. To simulate the real clinical situation, there are five groups of projection data
with decreasing acquisition views are used to train the network. Inspired by the
SPECTnet, we used a two-step training strategy for network design. The full-size
phantom images (128 x128 pixels) were compressed into a vector (256x1) at first, then
they were decompressed to full-size images again. This process was achieved by the
AutoEncoder (AE) consisting of encoder and decoder. The compressed vector generated

by the encoder works as targets in the second network, which map projection to
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compressed images. Then those compressed vectors corresponding to the projection
were reconstructed to full-size images by the decoder.

Results: A total of 10,000 testing dataset divided into 5 groups with 360 degrees,
180 degrees, 150 degrees, 120 degrees and 90 degrees acquisition, respectively, are
generated by the developed neural network. Results were compared with those
generated by conventional FBP methods. Compared with FBP algorithm, the neural
network can provide reconstruction images with high resolution and low noise, even if
under the limited-angles acquisitions. In addition, the new neural network had a better
performance than SPECTnet.

Conclusions: The network successfully reconstruct projection data to activity
images. Especially for the groups whose view angles is less than 180 degrees, the
reconstruction images by neural network have the same excellent quality as other
images reconstructed by projection data over 360 degrees, even has a higher efficiency
than the SPECTnet.

Keywords: SPECT; SPECT image reconstruction; Deep learning; convolutional

neural network.



Contents

ADSETACE ..o s iv
List Of TabIeS......cccuiiiiiiiiiiiciicc s viii
LiSt Of FIGUT@S ..o s ix
Acknowledgements ..o X
1 INEFOAUCHON .. 1
1.1 Single Photon Emission Computed Tomography ..........ccccceeeeivreicinnciinenccnnnnes 1

1.2 SPECT image reCONSIUCHON .......cccvviiiiiiiiiiiiiicicce e 2

1.3 Deep learning in Medical imaging.........cccocoeeiviriuiininieiiiiniciieeeeeeeeeeenes 4

1.4 SPECIfic AIMS....ecuiiiiiiiiiii et 7

2. Materials and Methods............cccoiiiiiiiiiiii 9
2.1 Brain phantoms.........cccoiiiiiiiiiii s 10

2.2 Projection acqUiSItiON........ccciiiiiiiiiiiiiiiiicc 12

2.3 Neural NetWorkK........ccoiiiiiiiiiiiii s 13
2.3.1 Principle of the neural NEtWOTIK........ccoeuiiviiiiiiininiiiiccrcecceees 13
2.3.2 Network architecture ... 15
2.3.3 Network training ........ccccceiiiiiiii s 18

2.4 Reconstruct SPECT iMages .........coeiieiiiiiiiiciciiet e 21

3. Results and COMPATISONS .....c.couiueuiririiiiiiiniiiiiiriccieie ettt 22
3.1 Reconstruction images with 120 views over 360 degrees............ccccccevvvrueeriruruencnnne. 22
3.1.1 Image ReSULLS .....ccueuiuiiiiiiiicic e 22

vi



3.1.2 Quantitative COMPATISONS .......cccveieiiiiititiiieieceee e 23

3.2 Reconstruction images with 60 views over 180 degrees...........cccccooevvvvvnnininininnnnnne. 23
3.2.1Image ReSULES ......c.cuoviiicicici e 23
3.2.2 Quantitative COmMPAriSONS ........cccccuvuiiiiiiiiiiiiiiicccc e 23

3.3 Reconstruction images with 50 views over 150 degrees..........ccccoeuevruruiccirunnencnnne. 25
3.3.1 Image ReSUILS ......ccouiuiiiiiiiiicicc e 25
3.3.2 Quantitative COMPATISONS .......cccveveriiiiiitiiieteeee et 25

3.4 Reconstruction images with 40 views over 120 degrees..........ccccccooevvvninininninrnnnnnee. 27
3.4.1 Images RESUILS ........c.coviviiiii s 27
3.4.2 Quantitative COMPATiSONS ........cccccvvuiiriiiiiiiiiiiiicc e 27

3.5 Reconstruction images with 30 views over 90 degrees..........cccoeueueeinurueinirennencnnne. 29
3.5.1 Image ReSUILS ......c.ceiiiiiiiiiicici e 29
3.5.2 COMPATISOIS ....cuviiiviniiiietciiieiete ettt 29

3.6 Comparison with SPECTnet at 360 degrees of angular range.............ccccoovvvevennnnne. 33

3.7 Mean error between original phantoms and reconstructed images at 360 degrees

Of ANGUIAT TANGE......oviiiiiicic e 35

4. DISCUSSION ...ttt ettt aeae bbb aens 36

4.1 Performance of the reconstruction neural network for SPECT ................ccccccuce. 36

4.2 LIMItationS....covouiiieiiciiiciicccc s 38

4.3 FUtUTe WOTK...ooiiiiiiiiiiiiiicc s 38

5. CONCIUSION ..ot 39
REfETENCES ..ot 40

vii



List of Tables

Table 1: Comparison between Neural Network and FBP for 120 Views over 360°........... 23
Table 2: Comparison between Neural Network and FBP for 60 Views over 180°............ 25
Table 3: Comparison between Neural Network and FBP for 50 Views over 150°............. 27
Table 4: Comparison between Neural Network and FBP for 40 Views over 120°............. 29
Table 5: Comparison between Neural Network and FBP for 30 Views over 90°............... 31

Table 6: Comparison between Neural Network and SPECTnet for 120 views over 360°.33

viii



List of Figures

Figure 1: U-net Architecture (Example for 32x32 Pixels in the Lowest Resolution)............ 4
Figure 2: The Detailed Architecture of Encoder and Decoder............cccceeevinniiininniinnnnes 6
Figure 3: Brain Phantoms. .......ccccoieiiiiiiiiniiiicciee e 11
Figure 4: Blurred Projection Images with NOiSe...........cccocoeeieinieieiicicccccce, 13
Figure 5: The Workflow of the Neural Network ............coooviiiiiiniie, 15
Figure 6: Detailed Architecture and Workflow. ..........ccccoovneiiiiiiinininncccccce, 17

Figure 7: Original Brain Images and the Corresponding Compressed Image by Encoder.

Figure 8: The Tendency of AE Validation MSE. X-axis Represents the Number of Epochs,

Y-axis Represents MSE. ... 19
Figure 9: The Tendency of Fine-tune Validation MSE. X-axis Represents the Number of

Epochs, Y-axis Represents MSE. ............coooiiiiiii e 20
Figure 10: Reconstruction Images with 120 Views over 360 Degrees..............ccccuvurueuennnnns 22
Figure 11: Reconstruction Images with 60 Views over 180 Degrees...........ccccccovvvruruerennnnns 24
Figure 12: Reconstruction Images with 50 Views over 150 Degrees...........ccccccovvvrurueuennnns 26
Figure 13: Reconstruction Images with 40 Views over 120 Degrees..........ccccoevvvinirnnnen. 28
Figure 14: Reconstruction Images with 30 Views over 90 Degrees............ccccoceuvvriririrrnnnnnnns 30

Figure 15: Mean Value versus Angular Range. Upper Plot: High-uptake Region; Lower
Plot: Low-uptake ReION ......c.cooviiiiiiiiiiiiiiiiiciicccceee e 32

Figure 16: Reconstruction Images by the Neural Network and SPECTnet........................ 34
Figure 17: Original Phantoms and Reconstruction Images at Different Acquisition

COMUAIEION . ettt ettt ettt e e e e e ettt e e e e e e eaes et e eeeeeeseaasaaaeeeesssesanseeaaeeessseaasneeeeeessesansneneeaeeeens 36

ix



Acknowledgements

I really appreciate my advisor, Dr. James E. Bowsher, for his kind support and
professional instruction on my thesis project. In addition, I would like to thank the rest
of my committee members, Dr. Fang-Fang Yin and Dr. Chunhao Wang. Sincerely thanks
to Dr. Fang-Fang Yin, Dr. Ying-Chiang Huang, Dr. James Bowsher, Dr. Xin Chen, Dr.
Xiangpeng Zheng, Dr. Qiuwen Wu, Dr. Jackie Wu, Dr. Wen Li for their contributions to
my coursework. During the last 2 years, I also learned many things beyond academia,
and got a lot of help from the professors, students, staff, Duke medical physics program,
and Duke Kunshan medical physics program. Finally, I would like to thank my parents

for their support and love, without them, I can not achieve what I have gained.



1. Introduction

1.1 Single Photon Emission Computed Tomography

Since the early introduction of radioactive tracers for use in medicine, there has
been the desire to visualize the true distribution of the tracer and to quantify the uptake
map in the body.[! The emergence of the practical imaging of single-photon-emitting
radionuclides can be traced to the development of the sodium iodide (Nal(T1))
scintillation camera by Hal Anger in the 1950s./ The basic design of a large-area Nal(T1)
scintillation crystal, read out by an array of photomultiplier tubes (PMTs), in
combination with an absorptive collimator has been so influential that it is nearly
universally referred to as the “Anger Camera’ or ‘Gamma Camera’ and has formed the
basis for the vast majority of clinical nuclear medicine imaging systems for many
decades.!

As stated in the last paragraph, a rotating gamma camera can be used to acquire
data for computed tomographic emission images. This approach to tomography, which
is employed with radionuclides that emit single gamma-rays or multiple gamma-rays
with no angular correlations, is known as single photon emission computed tomography
(SPECT)." SPECT is considered as a functional nuclear medicine imaging technique
which is commonly used in the clinic. The most frequent use of SPECT is for studies of
myocardial perfusion for assessing coronary artery disease and heart muscle damage

following infarction. In addition, SPECT is used for evaluating the brain functions as



well, especially for patients with Alzheimer’s Disease. A third important application of
SPECT is in oncology. SPECT/CT is developed in a brand-new combination with a
SPECT and an X-ray CT, which is able to provide a functional and anatomic medical
image. The image with functional and anatomic characters is extremely helpful for
physicians or medical physicists to contouring the tumor, which is beneficial for more

accurate dose delivery.

1.2 SPECT Image Reconstruction

SPECT is commonly used in nuclear medical imaging worldwide. In the clinic, a
patient should be injected a radioactive tracer before the process of taking images. The
radiopharmaceutical emits single gamma ray photons that can penetrate the human
body. A SPECT system usually consist of one or more gamma cameras which are
mounted on a gantry so that the detector can rotate around the patient to acquire
projections from different angles. SPECT obtains a 2D distribution of the radiotracer
using image reconstruction from the acquired one dimensional projection data from
different views around the object. If the detector of gamma camera is a 2D planar type,
the machine will generate a 3D tomographic image. In SPECT the projection images are
generally acquired over a full 360-degree or 180-degree arc (e.g. in the case of a SPECT
myocardium perfusion study or kidneys SPECT acquisition), on a matrix of 64*64 or 128
*128 pixels. Typically, the projections are acquired every 3-6 degrees and the total scan

time is about 15-20 minutes.!!



There are mainly two methods to reconstruct SPECT images from projection data,
Filtered Backprojection Method (FBP) and iterative reconstruction method. The
conventional approach of FBP is based on a mathematical theory of image
reconstruction from projections called the Radon transform, developed by the German
mathematician Johann Radon in 1917, which was valid under specific conditions that are
not entirely true for a SPECT imaging system.[I7I8] On the other hand, the iterative
reconstruction method is based on an estimate of the actual probability of a certain
amount of radioactivity inside the object. There are several iterative reconstruction
algorithms developed for SPECT, such as maximization likelihood expectation
maximization (ML-EM)P), ordered subset expectation maximization (OS-EM)!'%, and
maximum a posteriori (MAP)M. Although those algorithms have improved the quality
of SPECT images in a great extent, the images still suffer from limited resolution and
high noise, compared with, for example, X-ray CT. Photon attenuation and scatter, Poor
spatial resolution, high noise mainly contribute to the degradation of SPECT images.
Especially for the situation in the clinic, the acquisition angles are limited less than 180
degrees for some special cases, so that the quality of SPECT images may be worse than
expected. Therefore, it is desired to develop novel reconstruction methods for current
SPECT systems to reconstruct images with high resolution, low noise, even though

under limited angles conditions.



1.3 Deep Learning in Medical Imaging

In the last few years, artificial intelligence (AI) has been rapidly expanding and

permeating both industry and academia. [l Deep learning is a subfield of machine

learning, which in turn is a field within Al In general, DL consists of massive multilayer

networks of artificial neurons that can automatically discover useful features, that is,
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representations of input data needed for tasks such as detection and classification, given
large amounts of unlabeled or labeled data.l®I'4l The most successful and popular DL
architecture in imaging is the convolutional neural network (CNN).['%]

In medical imaging, machine learning algorithms have been used for decades,
starting with algorithms to analyze or help interpret radiographic images in the mid-
1960s.00107108] Inspired by the neocognitron architecture, ') a number of researchers
investigated the use of CNNs/?I2!l or shift-invariant ANNs/?? in the early and mid-1990s,
and massively trained artificial neural networks (MTANNSs)?% in the 2000s for detection
and characterization tasks in medical imaging. Specific capabilities of DL in medical
imaging include, without being limited to, detection and classification of lesions,
automated image segmentation, data analysis, extraction of radiomic features,
prioritizing, reporting, and studying triage, and image reconstruction.?¥ The U-
net® model is one of the most popular fully convolutional network models and it is
widely used in the medical image processing field. The standard architecture of U-net is
shown in the Figure 1. In addition, there are many achievements of deep learning-based
reconstruction in magnetic resonance imaging (MRI)??l and X-ray computed
tomography (CT)?imaging, and some researchers have attempted applying deep
learning to positron emission tomography (PET) imaging!?l.

In 2021, Wenyi Shao et al. developed an image-reconstruction neural network

termed SPECTnet®), which directly maps SPECT projection data into images of



radiotracer concentration. One component of SPECTnet is a neural network to map the
projection data to a 1-D compressed image. This step involves an encoder. There is a
second network component — a decoder — which includes fully connected layers,
reshaping layers, and convolutional layers — that up-samples the compressed image to a
full-size reconstructed image. The detailed structure of encoder and decoder is shown in
Figure 21, This 2-step process — in which the image reconstruction training is to a

compressed 1-D image rather than the full 2-D image — may accelerate training!®!.

128=128

128x128

5x5

Reshaping

256x=1

- — 1
I |
| = 1
| 62x62 | 1 Conv+BN+Relu
| I
| 9 I I rc-sigmoid
1 1
I 29x29 | I
! |
el 128 I
E | i Decoder
5 | .~
13%13
! Iy .
| Iy
1 160 |'
|
I
|
|
|
|
|

!
|
128x128 128%128 | 128x128
|
|

Figure 2: The detailed architecture of encoder and decoder



1.4 Specific Aims

The fully connected layers of SPECTnet potentially increase the computational
workload for training. Less-connected, deconvolutional layers — if trainable to
reconstruct SPECT images — might enable faster training.

Specific Aim 1 of this work is to replace the 12 layers (fully-connected, reshaping,

and convolutional) of the SPECTnet decoder with a decoder consisting solely of 10
deconvolutional layers and to assess the ability of this new neural network design to
reconstruct SPECT images.

The encoder and decoder combined for the auto-encoder (AE). The auto-encoder
stores information about the possible or probable radiotracer images. For example, the
auto-encoder my “know” that within a given image slice, the brain has, on a sufficiently
coarse scale, an approximately convex shape.

It sometimes happens — for example in some cases in radiation therapy or
interventional radiology — that the 180-degree angular acquisition range of projection
views, needed for sufficient sampling, cannot be obtained. Consequently, the projection
data lack sufficient information to reconstruct images accurately, and the images
typically contain severe artifacts. Much of the information missing from these projection

data may be stored in the auto-encoder.



Specific Aim 2 of this work is to investigate the ability of the Specific-Aim-1

neural network to reconstruct images from less than 180 degrees of parallel-beam
projection data.

Since the neural network reconstructions are utilizing information stored in the
auto-encoder, it is important that the training set include projection/image pairs from
across the range of possible images, such that the auto-encoder learns image
characteristics shared by most or all possible images, e.g. the coarse-scale convexity of
the brain. Herein, following the approach of 2021, Wenyi Shao et al., phantoms are
composed of a large ellipse (corresponding to a 2D transaxial slice of the head) and
several smaller ellipses within the larger ellipse (corresponding for example to tumors).
A set of 20,000 distinct phantoms is obtained by, for each ellipse in each phantom,
randomly drawing the locations and the radii of that ellipse.

The network is tested with five different angular ranges of acquisition. The five
scenarios are respectively 120 views over 360°, 60 views over 180°, 50 views over 150°, 40
views over 120°, and 30 views over 90°. Finally, results will be compared with images
reconstructed by the FBP algorithm to evaluate performance of the reconstruction neural

network.



2. Materials and Methods

In this paper, a novel image-reconstruction neural network for SPECT is
developed. This neural network aims to directly reconstruct activity map images from
projection data. The recently published SEPCTnet has a great performance
reconstructing images from projections, and in that paper a unique training strategy was
developed. The input of the neural network is simulated brain projection data. The
output of the network system is the reconstructed image with high-resolution and low-
noise. The proposed training process consists of two steps. Firstly, a neural network is
developed to translate the projection data to compressed images, a 1-D vector; then a
second network is responsible to up-sample the compressed image to a full-size image,
the reconstructed image.

Although the SPECTnet decreases the difficulty of training by using the two-
step-strategy, the architecture of SPECTnet with many layers still causes a heavy
workload for training. This research aims to further reduce training difficulty. We
replace fully-connected layers, reshaping layers and convolutional layers with pure
deconvolutional layers. We believe that the efficiency or effectiveness of the new
architecture with purely deconvolutional layers may be higher than a mixed structure
with fully-connected layers and convolutional layers. In addition, the total amount of
layers of the new network is decreased from 12 to 10, compared with the SPECTnet. The

new design with a symmetric structure used U-net as a reference. The network



combined U-net and SPECTnet to trade off a good balance between the training
difficulties and learning performance.

In the complex situation of the clinic, sometimes, SPECT acquisition is limited
less than 180°. Therefore, compared with the SPECTnet paper, we investigated a new
application for our novel neural network. In addition, a MATLAB program was
developed in this research, which provided abundant brain phantoms and
corresponding projection data for neural network training. To tackle with the overfitting
problem, phantoms were generated with random variations Poisson noise was included

in the projection data.

2.1 Brain Phantoms

There are mainly two factors affecting on the performance of a neural network.
One is the network architecture, and the other is the dataset. Therefore, firstly, we need
to generate a large amount of phantoms as a dataset for the training process. Most
existing deep learning reconstruction methods use reconstructed images by
conventional algorithms as dataset®I3!l. Obviously, the results of those networks just
infinitely approach to that of conventional methods rather than better than it. The
clinical data is usually hard to obtain, furthermore, the number of images is hardly to
satisfy the requirement of the neural network training. Therefore, in this research, we
investigated a program by MATLAB that can randomly generate simulated brain-like

phantoms. Based on the statistics®®?, the anterior-to-posterior width of brains change
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from 17 to 21 cm, the left-to-right width is from 15 to 16.5 cm. In our simulated
phantoms, the centers of the brain change in range of 8 mm. The brain-like phantom
consists of a big ellipse representing the low-uptake region, and there are some irregular
ellipses inside the outer big ellipse, representing the hot spot (high-uptake region). In
oncology, the high-uptake regions indicate that there are tumors. Based on the clinical
data, the diameter of these regions varies from 2 to 4 cm.! The activity values of high-
uptake regions randomly vary from 3 to 9 and the values of low-uptake regions are set
up as 1. The region outside the outer (brain) were set to 0, which represents the
background. We totally generated 20,000 2-D phantoms each of which is unique in the
dataset. All images are 128 by128 pixels with a 2 mm by 2mm pixel size. Figure 3

presents six example brain phantom images.

‘ ¢ 25
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Figure 3: Brain phantoms
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2.2 Projection Acquisition

Then corresponding projection data were generated by a MTALAB program
with the generated phantoms. The brain phantom is at the original position at first, the
summation of pixel values from every column makes up with a row of the projection
data. Then if the phantom rotates counterclockwise 3 degrees, the projection will obtain
a new row of data. The final projection array consists of those ordered rows. Based on
the characteristics of SPECT system, those projection data were blurred by a 5 by 5 pixel
Gaussian filter. Poisson noise were then added to those projection data. In the ideal
situation, the program generated a 120x128 sinogram matrix with 120 projection views
over 360°, for the 128 bins detector. Because the angles of first serval projections are
physically nearby those of several last projections, we padded projection matrix from
120x128 to 128x128 by replicating the first 8 rows of data with the last 8 row of the
sinogram. However, for the other four scenarios, the sizes of corresponding sinogram
array are 60 anglesx128 bins, 50 anglesx128 bins, 40 anglesx128 bins, 30 anglesx128 bins,
respectively. To keep the input of the neural network are all in the size of 128x128, those
empty pixels of projections are filled with zeros. Example projection images generated
by the program are presented in Figure 4. The 20,000 phantoms and their corresponding
projection data were used for the developing the new neural network. 16,000 of them
were randomly chosen for training, another 2,000 for validation, and the rest of dataset,

2,000, for testing.
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Figure 4: Blurred projection images with noise: The first column represents 120
views over 360°; The second column represents 60 views over 180°; The third column
represents 50 views over 150°; The fourth column represents 40 views over 120°; The

fifth column represents 30 views over 90°.

2.3 Neural Network
2.3.1 Principle of the Neural Network

Due to the complex relationship between the projection-data domain and the
original image (phantom) domain, it is extremely hard to develop a neural network
reconstructing directly a SPECT image from projection data. For a convolutional neural
network (CNN), it requires the network has to consist of quite a lot of layers to achieve
the purpose, directly reconstruing images from projection data. The higher amount of
layers means there are more learnable parameters in this network, which indicates the
difficulty of training is extremely increase. Obviously, a low efficiency neural network

with low training speed is not what we expected. To tackle with this problem,
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researchers developed a new network called SPECTnet consisting of two networks. The
compressed images representing projection data are obtained at first, then the
compressed images will be used to reconstruct images.

The compressed images are considered as a bridge to connect the projection data
and full-size images, which aims to improve the training speed. On the other hand,
according to the training process, the compressed image is also a target correspond to
the phantoms. A compact neural network with few layers can convert the projection
data to compressed images, because of reduction of the data-size, from 128x128 to 256x1.
The training process is easier to converge benefiting from this compact architecture. An
AutoEncoder (AE) are used to make the connection between the original images and the
compressed images. AE consists of an encoder and a decoder. The encoder compresses
the input images (full-size image in 128x128) to the compressed vectors (256x1), then
the decoder uses the learned compressed vector to reconstruct the input as its output.
The full view of our design is illustrated in Figure 5. The compressed images work as the
targets to train the second neural network converting the projection data into the
compressed vectors. Then the output of the neural network is fed in the decoder to

reconstruct the compressed vector to a full-size image.
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Figure 5: The workflow of the neural network

2.3.2 Network Architecture

Inspired by the U-net and SPECTnet, we build up a simple symmetric
convolutional neural network shown in Figure 6A. The encoder is composed of five
convolutional layers, which converts a 128x128 images to a 256x1 compressed vector.
And a rectified linear unit (ReLU) layer and a batch-normalization layer are set up after
the convolutional layers. The strides of first four convolutional layers are set as 2.
Usually, the max pooling layer was used for down-sampling, however, which will cause
higher workload of training. We set stride=2 in the convolutional layer, which means a
convolutional layer also can achieve down-sampling without adding an additional max
pooling layer. The stride of fifth layer is set as 1. The padding equals to zero. The filter
size is 6x6 in the first two layers and 5x5 in the next three layers. The number of

channels and the size of the output image in each layer have been illustrated in Figure

15



6A. The decoder consists of five deconvolutional layers, also called transposed
convolutional layers. Except for replace of convolutional layers with transposed
convolutional layers, the decoder is symmetric to the encoder. The parameters, such as
kernel size and stride, are set the same as the encoder. Compared with the SPECTnet,
the solely deconvolutional layer has a higher training efficiency than a mixed structure
of decoder with fully-connected layers, convolutional layers and deconvolutional layers.
And the total number of layers decrease from 12 to 10. We believe reduction of total
number of layers can reduce training time. The neural network followed by the same
decoder converting projection data to compressed vector has the same structure with

encoder, shown in Figure 6B.
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2.3.3 Network Training

Firstly, the AE should be trained to obtain the targets (compressed vector) for the
second network. 16,000 phantoms from the database are selected randomly to train the
AE, and other 2,000 phantoms are used for validation in each epoch. The cost function
employed in training was a common mean-squared-error function, and the training
algorithm was Adam®. The batch size was 320, thus there are 50 iterations for the
training dataset. The learning rate was set to 1x10. It cost nearly 90 minutes to obtain an
acceptable performance with 50 epochs on a Jupyter GPU server equipped with NVidia

Titan X GPU and 32 GB memory, provided by Duke University.

Figure 7: Original brain images and the corresponding compressed image by
Encoder.
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After the encoder was successfully trained, the 16,000 compressed vector related
to the original phantoms were generated. One example of those phantoms and
corresponding compressed images is shown in Figure 7. The same was done for the
2,000 images to be used for validation. Then, these compressed vectors worked as
targets for training the next neural network, in which the projection data were fed as
input. The MSE of the 2,000 validation cases was recorded during the training and
visualized in Figure 8. The training roughly converged at 15 epochs, which required

only 36 minutes on the GPU server.
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Figure 8: The tendency of AE validation MSE. X-axis represents the number of
epochs, Y-axis represents MSE.
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The algorithm for training the neural network was still Adam. The networks
were trained separately five times because we have five different projection datasets

with different angular range of acquisition.
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Figure 9: The tendency of fine-tune validation MSE. X-axis represents the
number of epochs, Y-axis represents MSE.

After that, a complete neural network for image reconstruction consisted of a
neural network followed by a decoder was successfully developed. This neural network
can directly reconstruct SPECT images from projection data. To further optimize the
network, we used the projection data as the input, and the 128x128 phantoms as the
output to fine-tune the network, still with the 16,000 training datasets. The MSE was

reduced, compared with the network without fine-tuning, shown in Figure 8 and Figure
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9. In this section, the figures are all corresponding to the 360 degrees acquisition views,

more details related to other four datasets will be presented in the following section.

2.4 Reconstruct SPECT Images

As mentioned earlier, the remaining 2,000 testing data were used to evaluate the
reconstruction neural network. Each images cost around 0.02 seconds for reconstruction
on the personal PC with Intel Core i5-7300HQ CPU, NVIDIA GTX1050Ti GPU, and
16GB memory. FBP reconstruction images obtain by the MATLAB ‘“iradon” function on
the same PC. “iradon” uses the filtered back projection algorithm to perform the inverse
Radon transform. The filter is designed directly in the frequency domain and then
multiplied by the FFT of the projections.

To compare the images by the neural network and by FBP in a quantitative way,
the mean values and corresponding standard deviations (SDs) of high-uptake region
and low-uptake region were calculated. In the next section, the detailed results and

comparisons are shown.
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3. Results and Comparisons
3.1 Reconstruction Images with 120 Views over 360 Degrees

3.1.1 Image Results

There are totally 15 images shown in the Figure 10, 5 original images in column 1,
5 reconstruction images by neural network in column 2, and 5 reconstruction images by

FBP in column 3.

b
s

Figure 10: Reconstruction images with 120 views over 360 degrees
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3.1.2 Quantitative Comparisons

The average value of activity concentration in the high-uptake area and low-
uptake background area, respectively, as well as the SD is shown in the Table 1.

Table 1: Comparison between Neural Network and FBP for 120 Views over 360°

high-uptake region mean value low-uptake region mean value
(SD) (SD)
cases Neural Neural
TRUE Network FBP TRUE Network FBP
1 4 3.67 (0.74) 3.28 (0.83) 1 1.01 (0.19) 0.99 (0.57)
2 9 8.09 (1.61) 7.06 (1.85) 1 1.01 (0.35) 1.02 (0.70)
3 5 4.67 (0.81) 4.31 (0.94) 1 1.01 (0.21) 0.99 (0.58)
4 3 2.60 (0.59) 2.44 (0.71) 1 1.01 (0.17) 0.98 (0.52)
5 6 5.41 (0.99) 4.76 (1.18) 1 1.01 (0.19) 1.00 (0.58)

3.2 Reconstruction Images with 60 Views over 180 Degrees
3.2.1 Image Results

There are totally 15 images shown in the Figure 11, 5 original images in column 1,
5 reconstruction images by neural network in column 2, and 5 reconstruction images by

FBP in column 3.

3.2.2 Quantitative Comparisons

The average value of activity concentration in the high-uptake area and low-

uptake background area, respectively, as well as the SD is shown in the Table 2
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Figure 11: Reconstruction images with 60 views over 180 degrees
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Table 2: Comparison between Neural Network and FBP for 60 Views over 180°

high-uptake region mean value low-uptake region mean value
(SD) (SD)
cases Neural Neural
TRUE Network FBP TRUE Network FBP
1 4 3.59 (0.94) 3.22 (1.04) 1 1.01 (0.16) 0.98 (0.78)
2 9 8.09 (1.53) 7.00 (2.00) 1 1.03 (0.38) 1.01 (0.89)
3 5 4.69 (0.90) 4.25 (1.20) 1 1.01 (0.19) 0.98 (0.80)
4 3 2.67 (0.64) 2.45 (0.89) 1 1.01 (0.16) 0.97 (0.72)
5 6 5.54 (0.82) 4.71 (1.35) 1 1.02 (0.22) 1.00 (0.77)

3.3 Reconstruction Images with 50 Views over 150 Degrees
3.3.1 Image Results

In the situation that projection angles are less than 180 degrees, obvious artifacts
were generated in the process of FBP reconstruction. We add an addition Gaussian filter
to the original FBP reconstruction images, aiming to obtain smoother images. There are
totally 15 images shown in the Figure 12, 5 phantom images in column 1, 5
reconstruction images by neural network in column 2, and 5 smoothed reconstruction

images by FBP in column 3.

3.3.2 Quantitative Comparisons

The average value of activity concentration in the high-uptake area and low-

uptake background area, respectively, as well as the SD is shown in the Table 3.
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Figure 12: Reconstruction images with 50 views over 150 degrees
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Table 3: Comparison between Neural Network and FBP for 50 Views over 150°

high-uptake region mean value

low-uptake region mean value

(SD) (SD)
cases Neural Neural
TRUE Network FBP TRUE Network FBP
1 4 3.56 (0.83) 2.93 (0.60) 1 1.01 (0.17) 0.91 (0.35)
2 9 8.20 (1.58) 6.47 (2.01) 1 1.02 (0.36) 0.93 (0.61)
3 5 4.73 (0.79) 3.82 (0.82) 1 1.01 (0.19) 0.93 (0.40)
4 3 2.62 (0.58) 2.27 (0.49) 1 1.01 (0.14) 0.93 (0.25)
5 6 5.47 (0.88) 4.33 (0.90) 1 1.02 (0.21) 0.96 (0.41)

3.4 Reconstruction Images with 40 Views over 120 Degrees
3.4.1 Images Results

As with 50 views over 150 degrees, we add an additional Gaussian filter to the
original FBP reconstruction images, aiming to obtain smoother images. There are totally
15 images shown in the Figure 13, 5 phantom images in column 1, 5 reconstruction
images by neural network in column 2, and 5 smoothed reconstruction images by FBP in

column 3.

3.4.2 Quantitative Comparisons

The average value of activity concentration in the high-uptake area and low-

uptake background area, respectively, as well as the SD is shown in the Table 4.
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Figure 13: Reconstruction images with 40 views over 120 degrees
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Table 4: Comparison between Neural Network and FBP for 40 Views over 120°

high-uptake region mean value

low-uptake region mean value

(SD) (SD)
cases Neural Neural
TRUE Network FBP TRUE Network FBP
1 4 3.72 (0.87) 2.80 (0.63) 1 1.01 (0.19) 0.92 (0.45)
2 9 7.59 (1.64) 6.62 (2.35) 1 1.02 (0.38) 0.93 (0.87)
3 5 4.57 (0.81) 3.78 (0.93) 1 1.01 (0.20) 0.93 (0.54)
4 3 2.66 (0.75) 2.24 (0.44) 1 1.00 (0.17) 0.94 (0.32)
5 6 5.64 (0.83) 4.01 (1.06) 1 1.00 (0.23) 0.96 (0.54)

3.5 Reconstruction Images with 30 Views over 90 Degrees

3.5.1 Image Results

There are totally 15 images shown in the Figure 14, 5 original images in column 1,
5 reconstruction images by neural network in column 2, and 5 smoothed reconstruction

images by FBP in column 3, with the reconstructions utilizing 20 views over 90 degrees

3.5.2 Quantitative Comparisons

The average value of activity concentration in the high-uptake area and low-

uptake background area, respectively, as well as the SD is shown in the Table 5.
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Figure 14: Reconstruction images with 30 views over 90 degrees
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Table 5: Comparison between Neural Network and FBP for 30 Views over 90°

high-uptake region mean value low-uptake region mean value

(SD) (SD)
cases Neural Neural
TRUE Network FBP TRUE Network FBP
1 4 3.74 (0.90) 2.95 (0.63) 1 1.01 (0.19) 1.00 (0.59)
2 9 8.06 (1.82) 6.65 (2.57) 1 1.02 (0.38) 1.01 (1.15)
3 5 4.54 (0.96) 3.74 (0.94) 1 1.01 (0.21) 0.99 (0.72)
4 3 2.54 (0.76) 2.34 (0.49) 1 1.00 (0.16) 0.96 (0.41)
5 6 5.43 (0.95) 3.85 (1.11) 1 1.01 (0.21) 1.00 (0.67)

The mean values and corresponding standard deviations are visualized in the

Figure 15. The mean values of reconstructed images by the neural network are closer to

the true values, with lower deviations.
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Figure 15: Mean value versus angular range. Upper plot: High-uptake region;
Lower plot: Low-uptake region
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3.6 Comparison with SPECTnet at 360 Degrees of Angular Range

We recorded the AE training time of the new neural network, as well as, that of
the SPECTnet. The neural network cost 5122 seconds, nearly 85.4 minutes, which is
shorter than that of the SPECTnet, 5528s (92.1 min).

There are nine images shown in Figure 16, and they are respectively original
phantoms in the first column, reconstructed images by our neural network in the second
column, and reconstructed images by SPECTnet in the third column. We observe that
the images by the network has a better resolution than that of SPECTnet. There are more
blurring in the high-uptake region in the images by SPECTnet.

The average value of activity concentration in the high-uptake area and low-

uptake background area, respectively, as well as the SD is shown in the Table 6.

Table 6: Comparison between Neural Network and SPECTnet for 120 Views over 360°

high-uptake region mean value (SD) low-uptake region mean value (SD)

@ses qrup - Newrl SPECTnet ~ TRUE U oppcrnet
Network Network

1 4 3.67 (0.74) 3.59 (0.82) 1 1.01 (0.19) 1.01 (0.18)

2 8 7.32(1.34) 7.40 (1.39) 1 1.02 (0.33) 1.03 (0.36)

3 6 5.41 (0.99) 5.54 (1.09) 1 1.01 (0.19) 1.01 (0.21)
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Figure 16: Reconstruction images by the Neural Network and SPECTnet. The
first column represents the original phantoms; the second column represents the
results of Neural Network; the third column represents results of SPECTnet.

34



3.7 Mean Error between Original Phantoms and Reconstructed
Images at 360 Degrees of Angular Range

In this session, we calculate the mean value between the original phantoms and
reconstructed images by our network, SPECTnet and FBP method, respectively, at 360
degrees of angular range for 2000 testing images. The results were obtained by the
following equation, in which N is value of each pixel.

Err = mean(|Nyye () — Nyecon (1)) T € uptake region

For the high-uptake region, the mean error in our neural network images was by
average 0.79, which is slightly smaller than that in the SPECTnet images with the value
of 1.00, and they are both smaller than the FBP images with 1.41. For the low-uptake
region, the mean error in our network images is 0.04, on average, also comparable to
that, 0.05 in SPECTnet images, and the FBP images got the worst mean error that is up to

0.47.
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4. Discussion

4.1 Performance of the Reconstruction Neural Network for
SPECT

The developed reconstruction neural network can accept projection data to
produce activity images directly. Compared to the conventional FBP method for
reconstructing SPECT images, this network shows better performance for the situation
of limited-angle acquisition views. As the angular range of the projection views

decreases below 180 degrees,

Original 120 angles over 360° 60 angles over 180°
-
.
50 angles over 150° 40 angles over 120° 30 angles over 90°

Figure 17: Original phantoms and reconstruction images at different
acquisition condition.
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the quality of images reconstructed by FBP is degraded by insufficient angular sampling.
However, the network can reconstruct images in which the structures of original
phantom are presented with good accuracy and precision, even with a 90 degree angular
range, as seen in Figure 17. Quantitively, the mean values of the low and high-uptake
regions are more accurate with neural network reconstruction as compared to FBP. In
addition, the standard deviations (SDs) of network images are smaller, suggesting lower
noise. Under the same training condition, performance of our neural network are as
excellent as that of SPECTnet. But the time cost by training the AE of our neural network
is shorter than that by the SPECTnet in around 7 minutes.

It is extremely hard to explain what a neural network exactly learns from the
data during the process of training. Generally, prior knowledge usually refers to all
information about the problem available in addition to the training data.® However, in
this study, the knowledge about the images is "prior to" the test images that are
reconstructed from the test projection data, so which is considered as prior knowledge.
We assumed that the AutoEncoder extracted valuable prior knowledge from those
16,000 training images. Those prior knowledges are stored in the compressed vector in a
reasonable but opaque way no matter how the shapes and locations of the brain and hot
spots varies randomly. After the successful training, the network grasp how to use the
prior knowledge, then it has an ability to reconstruct images from the compressed

vectors.
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4.2 Limitations

First of all, the phantoms used in this research are simple. Realistic brains have
finer and more irregular structures than can be implemented by a few ellipses, for
example, the wrinkled surface of the cerebrum. Also, the current evaluation is for brain-
like phantoms. And results might differ for other anatomical regions, such as the
abdomen.

Second, scatter and attenuation of photons are not considered in this paper.
These are important factors impacting on the quality of SPECT images. Third, state-of-
art reconstruction technique for SPECT can provide 3-D image reconstruction. There is

still a long way to achieve the clinical application.

4.3 Future Work

Based on the limitations mentioned above, future studies should consider more

realistic phantoms. In addition, it will be necessary to consider clinical data.
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5. Conclusion

In this paper, a neural network for SPECT image reconstruction was developed
that successfully reconstructs 2-D images from SPECT projection data. We build up a
brain phantom dataset which is used to train the network. To reduce the difficulty in
training such a neural network, inspired by U-net and SPECTnet, we developed an AE
aiming to generate compressed vectors representing original phantoms. These
compressed vectors worked as targets for the second neural network, which can convert
the projection data to the compressed vectors. Then, the compressed vectors were used
as the input of the decoder to reconstruct activity images.

Furthermore, to simulate the real clinical situation, five groups of projection data
with decreasing acquisition angular ranges are used to train the network. Results show
that the neural network for SPECT could reconstruct images under the limited-angle
situations. By quantitative comparisons, the developed network can provide more
accurate 2-D images than a conventional FBP algorithm, especially for the groups whose
view angles are less than 180 degrees. At least for these single phantoms, the
reconstruction images by neural network are similar as images reconstructed by

projection data over 360 degrees.
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