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Ciudad Juárez, Mexico

al194726@alumnos.uacj.mx,

{hochoa,overgara,vianey.cruz,javier.polanco}@uacj.mx
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Abstract. In this work, we propose a three dimensional (3D) convo-
lutional neural network (CNN) to enhance sinograms acquired from a
small-animal positron emission tomography (PET) scanner. The network
consists of three convolutional layers created with 3D filters of sizes 9, 3,
and 5, respectively. We extracted 15250 3D patches from low- and high-
count sinograms to build the low- and high-resolution pairs for training.
After training and prediction, the enhanced sinogram is reconstructed
using the ordered subset expectation maximization (OSEM) algorithm.
The results revealed that the proposed network improved the spillover
ratio and the uniformity of the standard NU4-2008 phantom up to 8%
and 75%, respectively.
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1 Introduction

Positron emission tomography (PET) is a noninvasive technique to acquire
images of the metabolic activity of the body. The main fields of application are
oncology [1] and neurology [2]. PET combines nuclear medicine and biochemical
analysis by using a radiotracer composed of a small dose of radioactive material,
injected on the patient before the scan, to interact mainly with the ill cells dur-
ing a time frame. For cancer studies, the radiotracer is the fluorodeoxyglucose
(F 18), which decays by a neutrino and a positron (β+) with a mean lifetime of
about 109 min.
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The positrons emitted by the radiotracer annihilate with an electron in the
body, producing two high-energy photons that travel in opposite directions.
These events are counted upon reaching the scanner’s detectors within a time
window. The annihilation point is ideally located on a straight line, known as
the line of response (LOR) connecting a pair of detectors. The detected event
might not be a true event because the pair of photons inside the body do not
always travel straight. Therefore, the photons could be deviated, producing scat-
tered events. Also, two detected photons could come from different annihilation
points. This produces random events, which are the main sources of degradation.
Randoms introduce noise. Besides, the reduced acquisition time, the small dose
of F 18, and the Poisson noise involved in the counting process result in degraded
reconstructed images that negatively affect the medical diagnoses [3].

In this paper, we propose a three-dimensional (3D) convolutional neural net-
work (CNN) to enhance PET sinograms, as a volume, acquired with a MicroPET
Focus 120 scanner. The main contributions of the paper are the following:

1. We introduce a shallow 3D CNN capable of increasing the counts of sinogram
from a small-animal scanner.

2. We show that processing the sinogram as a volume instead of independent
2D slices, improves the quality of the reconstructed image.

The paper is organized as follows: In Sect. 2, the state of the art is pre-
sented. Section 3 presents the main concepts related to the topic and the pro-
posed method. In Sect. 4, we show the results of the experimentation. Finally,
the conclusions are presented in Sect. 5.

2 State of the Art

In the past work, a number of techniques have been proposed to solve the problem
of poor quality of reconstructed PET images. Conventional approaches include
processing algorithms after reconstruction [4], anatomically guided [5] and mag-
netic resonance imaging (MRI) algorithms [6]. Although these methods try to
minimize the noise, loss of spatial resolution is still observed. In other works like
[7] the researches have applied different techniques, such as a term of Tikhonov
or a hybrid regularization term, to regularize the solution. Although this app-
roach improves the image quality, the results are based on multiple images and
the methods are applied after reconstructing the image.

Recently, artificial intelligence algorithms have been proposed in the area of
medical image reconstruction and enhancement. Most of the research focus on
the reconstructed images. They propose to use trained networks with pairs of
low resolution and high resolution images [8]. The high resolution images are
obtained from an acquisition with a modern ultra high definition scanner and
degraded to obtain the low resolution version. Other authors incorporate into the
network training, anatomical information obtained from a computer tomography
(CT) or MRI scanner [9], arguing that this information is helpful for estimating a
more robust model and higher quality images. Another study [10] proposes to use
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the U-Net network with residual and concatenation connections to use a similar
data set formed by PET and MRI images. Other network proposed is the deep
auto-context CNN model [11], where the anatomical information is incorporated
through T1-weighted MRI images. In [9], the authors used three variants of the
U-Net network to reduce noise in the reconstructed images, relying on the MRI
information.

Recent studies have focused on improving the sinogram instead of the recon-
structed image. For example, in [12], the authors use Monte Carlo simulations
and CNN to recover improved 2D sinograms from the low quality originals pro-
duced by simulated tomographs with large and small crystals. The increase of
the computing power allows to address the problem of the low quality PET
images in a 3D form, using deep learning systems. For example, in [13], a 3D
variant of the U-Net network is proposed to reduce the noise of PET images from
the brain and chest. Nevertheless, to our knowledge, no deep learning technique
has been used to enhance the volume of sinograms from small animal scanners
before image reconstruction.

2.1 The Importance of the Third Dimension

In CT, PET, and MRI techniques, the images are acquired in 3D space and pro-
cessed as 2D slices. When using machine learning techniques, the volume is divided
into 2D slices and passed to a model, trained to perform the desired task. The
downside to this approach is that valuable information from the 3D context is
lost. For example, if there is a lesion in a slice, there is highly likely information
about a tumor in the adjacent slices because the adjacent interslice correlation is
high [14]. In addition, the third dimension is not taken into account if the network
is trained with a 2D slice. The main benefit of the 3D approach is that we capture
contexts across the width, height, and depth simultaneously [15].

3 Materials and Methods

This section, describes the materials used and the methods related to the present
work.

3.1 MicroPET Focus 120 Scanner and Nema NU4-2008 Phantom

The MicroPET Focus 120 scanner for preclinical studies is a cylindrical scanner
with a diameter of 15 cm, 48 rings and an axial field of views of 7.6 cm [16].
Using the Gamos software [17], we simulated the MicroPET Focus 120 and
the NEMA phantom [18], shown in Fig. 1 (a), to perform the experiments. The
standard used was the NEMA NU4-2008 [18] that specifies the methodology
to evaluate the performance of small-animal PET scanners. It is a cylindrical
container with 50 mm in length and 15 mm in radius, divided into three regions
identified as (1), (2), and (3). The uniform region (2) is 15 mm length. Region (1)
contains five fillable rods of 20 mm length and 1, 2, 3, 4 and 5 mm in diameter,
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evenly distributed at a distance of 7 mm from the axial axis. In the last part
(3), there are two cylindrical chambers, also called cold chambers, of 15 mm and
8 mm length in diameter, filled with air and water respectively, and uniformly
distributed at 7.5 mm from the cylinder axis.

(a) (b)

Fig. 1. Schematic views of (a) NEMA NU 4-2008 phantom, (b) dimensions in cross-
sectional view

3.2 PET Sinogram

Figure 2(a) shows a scanner with the arrow pointing to the z axial axis.
Figure 2(b) shows the acquisition of 2D sinograms. Figure 2(c) shows that the
events detected by crystals, from different rings, are stored in a 3D matrix that
represents the sinogram. This implies a substantial increase in the size and in
the reconstruction time. The quality of reconstructed images is higher due to
the greater amount of information available. Figure 2(d) shows a slice (2D) of a
sinogram and Fig. 2(e) shows the sinogram as a volume. PET scanners acquire
the data in 3D, as shown in Fig. 2(c).

(a) (b) (c) (d) (e)

Fig. 2. Schematic representation of (a) a tomograph, (b) acquisition of 2D sinograms
(one sinogram per ring detector), (c) acquisition of a sinogram (as volume), (d) 2D
sinogram slice and (e) the sinogram.

3.3 Training Set

For the acquisition of sinograms, five phantoms of spheres and cylinders of diam-
eters ranging from 0.5 mm to 5 mm were created using the scanner simulator.
These objects were randomly distributed in the scanner. As a result, the low
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count (LC) and high count (HC) sinograms were generated with 10 million and
100 million events, respectively. The training set consisted of 15250 pairs of 3D
patches of size 32× 32× 32, selected randomly from the LC and HC sinograms,
and the validation set consisted of 5000 pairs.

3.4 Proposed 3D CNN for PET Sinogram Enhancement

Figure 3 shows the proposed 3D CNN. The network has three layers. The input
layer with a ReLU activation, extracts the 32-dimensional feature vectors using
32 filters of 9 × 9 × 9 coefficients each. The second layer performs a nonlinear
mapping to 16-dimensional feature vectors using 16 filters of 3×3×3 coefficients
each. We apply the ReLU (max(0, x)) on the filter responses. The last layer is the
transpose convolution layer (deconvolution) to recover the enhanced sinogram
with linear activation and consists of one filter of 5 × 5 × 5 coefficients.

Fig. 3. Proposed 3D CNN.

3.5 Hyperparameter Tuning for the Proposed 3D CNN

The tuning of hyperparameters consists of choosing the values that achieve the
maximum performance of the assigned task. Our universe of hyperparameters
contains 6912 possible combinations. To test all possible variants, 27648 h of
GPU time are required. For this reason, the random search method [19] was
used to adjust the hyperparameters with validation loss monitored up to 50
epochs. The algorithm was allowed to perform 500 randomized trials. Table 1
shows a summary of the results of the hyperparameter tuning.

4 Experimental Results

The simulated NEMA phantom filled with F 18 was used to acquire volumes of
sinograms for testing. Following, we show the quantitative and visual results of
the experiments.
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Table 1. The results of hyperparameter tuning.

Parameter Value

First convolutional layer

Number of features maps 32

Kernel size 9 × 9 × 9

Activation function ReLU

Second convolutional layer

Number of features maps 16

Kernel size 3 × 3 × 3

Activation function ReLU

Transpose convolutional layer

Number of features maps 1

Kernel size 5 × 5 × 5

Activation function Linear

Network training

Loss function Mean squared error (MSE)

Optimization algorithm Adam

Learning rate 0.001

Batch size 32

Epochs 200

The spillover ratio (SOR) is the ratio of the average value of each cold cham-
ber to the average of the hot uniform region. A volume of interest (VOI) of
6 × 6 × 15 voxels was taken in the cold chambers. Table 2 shows the results of
SOR and relative standard deviation (%STD) for the cavities filled with water
and air. Figure 4 shows the maximum intentisity projections (MIPs) of the recon-
structed images of the (a) LC sinogram, (b) the enhanced sinogram using the
proposed method after reconstruction with OSEM [20], and (c) the profiles of
the dotted lines (a) and (b). We can see that the proposed method increases the
counts and preserves the edges.

Table 2. SOR and %STD measured in the cold chambers.

Water chamber Air chamber

SOR %STD SOR %STD

Low count image 0.1071 150.2672 0.1764 115.64

Recovered image with
the proposed method

0.0988 37.9092 0.1693 28.9256
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A 15 × 15 × 15 voxels VOI was taken at the center of the uniform region to
measure uniformity. The average activity concentration, the maximum and min-
imum values, and the percentage standard deviation are calculated and shown
in Table 3. Figure 5 shows the MIPs of the (a) LC sinogram, (b) the enhanced
sinogram using the proposed method after reconstruction with OSEM and (c)
the profiles of the dotted lines in (a) and (b). We can see that in this region,
the proposed method increases the counts, preserves the edges, and reduces the
oscillation of the uniform region.

(a) (b)

(c)

Fig. 4. MIPs of the transversal view for the chambers region in the simulated Nema
phantom. (a) Original LC, (b) proposed method, (c) activity profiles of the cross-
sections.

Table 3. Measures in the uniform region.

Average Max. Min. %STD

Low count image 0.0900 0.4992 0.0034 69.7008

Recovered image with
the proposed method

0.2118 0.3531 0.0939 15.6831

Figure 6 shows the MIPs for the rods for the (a) LC sinogram and (b) the
HC recovery sinogram by our method. Figure 6 (c), (d) and (e) show the profile
along the 1 mm, 3 mm, and 5 mm rod in the axial direction, respectively.
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The results obtained allow us to see that the proposed method applied to the
3D PET sinograms is able to improve the spillover ratio in the cold region, as
shown in Table 2. In the water chamber, the SOR is improved by 8% and in the
air chamber by 4%, allowing a better definition of the limits between the area of
the radiotracer and the cold areas. Figures 4(a–b) visually show that when the LC
sinograms are processed by our method, valuable information is recovered when
compared against the standard reconstruction procedure. Figure 4(c) shows how
our method increases contrast and reduces noise in the reconstructed images.

(a) (b)

(c)

Fig. 5. MIPs of the transversal view for the uniform region in the simulated Nema
phantom. (a) Original LC, (b) proposed method, (c) activity profiles of the cross-
sections.

In the Nema standard, the central region of the phantom is used to measure
uniformity. The greater the uniformity in the area, the better the visualization
result. Uniformity is expressed as the relative standard deviation represented as
a percentage (%STD). Table 3 shows that the %STD improves by 77% when
sinogram is enhanced by our method. In the same way, the intensity profile of
Fig. 5(c) shows how the variability is reduced with the proposed method. Unifor-
mity measurements were also made in the cold chambers, which are reported in
Table 2. Improvements in the %STD metric of approximately 75% were obtained.
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(a) (b) (c)

(d) (e)

Fig. 6. MIPs of the transversal view for the rods region in the simulated Nema phan-
tom. (a) Original LC, (b) proposed method, and axial profiles along the (c) 1-mm rod,
(d) 3-mm rod and (e) 5-mm rod.

The volume containing the rods is useful for evaluating how small struc-
tures are recovered and visualized. Figures 6(a) and (b) show the reconstructed
images corresponding to the LC sinogram and the result obtained by our method.
Figure 6(c) shows that the network can recover and enhance the 1 mm structure
compared to the original LC image. We can observe that the network recovers
the 1 mm rod in the entire axial axis, while in the LC image, only one slice
contains information of the 1 mm rod. Figures 6(d) and (e) show that the net-
work recovers valuable information in the 3 mm and 5 mm rods. Figures 7(b) and
(e) show that the proposed method manages to recover effective counts in the
sinograms, while the LC sinograms (Figs. 7(a) and 7(d)) contain little informa-
tion, after being processed by our method, useful information is recovered before
reconstruction. As far as we know, there is no other similar network to process
the volume of PET sinograms for small animals.
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(a) (b) (c)

(d) (e) (f)

Fig. 7. Slices from the 3D sinogram. (a, d) Original LC sinograms, (b, e) corresponding
enhanced sinogram with the proposed method, and (c, f) corresponding ground truth
sinogram.

5 Conclusions

In this paper we propose a 3D convolutional neural network to enhance PET
images in the sinogram domain. High count and their corresponding low count
sinograms were generated. Patches of 32 × 32 × 32 were extracted from both
pairs of sinograms to form the training sets. The images were reconstructed using
the OSEM algorithm. The Nema NU4-2008 quality metrics and phantom were
used to evaluate the results. In addition, an analysis of the profiles obtained from
the MIPs of the reconstructed images was carried out. The results show that the
proposed network increases the counts of sinograms in an orderly manner. This
positively influences the quality of the reconstructed images. The increase of
the SOR and %STD metrics means that more details were found and preserved
in the reconstructed enhanced images. Although the proposed method is more
computationally extensive than a 2D implementation, it is worth noting that
a better estimation is achieved because the proposed method takes advantage
of the intra-slice information. In future work, we will modify the network to
increase the resolution of the recovered image and use measured data.
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