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Abstract 10 

Deep learning has attracted attention for positron emission tomography (PET) 11 

image reconstruction task, however, it remains necessary to further improve the image 12 

quality. In this study, we propose a novel CNN-based fast time-of-flight PET (TOF-13 

PET) image reconstruction method to fully utilize the direction information of 14 

coincidence events. The proposed method inputs view-grouped histo-images into a 3D 15 

CNN as a multi-channel image to use the direction information of coincidence events. 16 

We evaluated the proposed method using Monte Carlo simulation data obtained from a 17 

digital brain phantom. Compared to the case without it, when using direction 18 

information, the peak signal-to-noise ratio and structural similarity were improved by 19 

1.2 dB and 0.02, at a coincidence time resolution of 300 ps. The calculation times of the 20 

proposed method were significantly faster than the conventional iterative 21 

reconstruction. These results indicate that the proposed method improves both the speed 22 

and image quality of TOF-PET image reconstruction. 23 

Keywords: Positron emission tomography, Image reconstruction, Deep learning, Time-24 

of-flight, Direction information 25 

1. Introduction 26 

Positron emission tomography (PET) is a functional imaging tool for various 27 

medical applications, such as oncology, cardiology, and neurology [1]. It has a unique 28 

ability to quantitatively estimate radiotracer concentrations as low as picomolar 29 

concentrations; however, the radiotracer concentration cannot be directly imaged from 30 
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a line of response measured by the coincidence detection of annihilation photons. 31 

Therefore, an image reconstruction process is required to estimate the distribution of 32 

the radiotracer concentration. 33 

There are two main methods for image reconstruction: analytic and iterative 34 

methods [2]. The analytic method is simple and fast, although it is sensitive to statistics 35 

and prone to streak artifacts. The iterative method models the noise distribution and 36 

reconstructs an image by iterative updating. The iterative method improves the signal-37 

to-noise ratio (SNR) of the reconstructed image better than the analytic method; 38 

however, it is computationally expensive. Therefore, an image reconstruction method 39 

that improves both the speed and SNR is desired. 40 

Recently, deep learning has attracted attention for improving PET image quality 41 

[3–9], especially for image reconstruction tasks [10–17]. As a pioneer, Zhu et al. 42 

proposed an automated transform by manifold approximation (AUTOMAP) network 43 

that can directly reconstruct a tomographic image from various sensing data [18]. The 44 

versatility of AUTOMAP is owing to its unique network architecture, which first 45 

applies a fully connected (FC) layer to sensing data multiple times, followed by a 46 

convolution layer to feature maps multiple times. However, AUTOMAP was limited to 47 

2D reconstruction because the FC layer has a large number of parameters. Häggström 48 

et al. developed DeepPET, which is a deep convolutional encoder–decoder network for 49 

directly reconstructing PET images from PET sinogram data [19]. Although DeepPET 50 

provided less noisy images than the ordered subset expectation maximization algorithm 51 

(OSEM) [20], it was limited to 2D reconstruction, similar to AUTOMAP. These 52 

limitations were owing to the fact that the direct mapping of sensing data to image 53 

format requires a large network. 54 
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To realize actual 3D image reconstruction in near real-time, Whiteley et al. 55 

proposed FastPET, a deep learning-based fast image reconstruction specialized for 56 

time-of-flight PET (TOF-PET) [21]. FastPET first converted the coincidence events 57 

into a histo-image [22] format using TOF information, and then reconstructed the final 58 

image volume from the histo-image using a 3D CNN. The histo-image is a more 59 

suitable format for CNN than sinograms; hence, near real-time 3D image reconstruction 60 

has been enabled. However, based on the theory of analytic TOF-PET image 61 

reconstruction [23,24], FastPET may compromise the SNR because the histo-image 62 

does not preserve the direction information of coincidence events. 63 

In this study, we propose a deep learning-based fast TOF-PET image 64 

reconstruction using directional information. The proposed method inputs view-65 

grouped histo-images [22] into a 3D CNN as a multi-channel image. Using the Monte 66 

Carlo simulation data of a digital brain phantom, we verified that the proposed method 67 

improves the SNR while maintaining near real-time image reconstruction. 68 

2. Histo-image generation 69 

The basis of analytic TOF-PET image reconstruction is deconvolution after 70 

accumulating coincidence events into a histo-image format using TOF information. The 71 

problem dealt with the process of accumulating events into a histo-image. Accordingly, 72 

two methods were considered: the most likely annihilation position (MLAP) [21,23] 73 

and confidence weighting (CW) [23] methods. 74 

In both methods, the MLAP of the coincident event connecting two detector 75 

elements whose coordinates are �⃗� 1 and �⃗� 2 is estimated using the TOF information. 76 
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�⃗� 𝑀𝐿𝐴𝑃 = �⃗� 1 + �⃗� 22 + 𝑐 ∆𝑡2 �⃗� 1 − �⃗� 2‖�⃗� 1 − �⃗� 2‖ , (1) 77 

where 𝑐 and ∆𝑡 denote the speed of light and TOF information, respectively. The 78 

MLAP method simply accumulates the event in the voxel nearest to �⃗� 𝑀𝐿𝐴𝑃. The CW 79 

method accumulates the event as a line weighted by the TOF response function centered 80 

on �⃗� 𝑀𝐿𝐴𝑃, as illustrated in Figure 1. 81 

By mathematically modeling the variance of the voxel value of an analytically 82 

reconstructed image of a uniform disk phantom, it was concluded that the CW method 83 

is optimal in terms of SNR [23,24]. The MLAP method is not optimal because the high-84 

resolution information in the vertical direction (Figure 1 (b)) of the coincidence event is 85 

lost after accumulating the events into the histo-image, using the MLAP method. In 86 

other words, the direction of the coincidence event contains information about 87 

resolution heterogeneity. Another reason to choose the CW method is continuity with 88 

conventional non-TOF-PET image reconstruction. In other words, the CW method 89 

tends to the non-TOF-PET image reconstruction method, as the coincidence time 90 

resolution (CTR) increases to infinity. 91 

3. Methodology 92 

In this study, we adopted an angular-view grouping [22,25] to introduce directional 93 

information in the TOF-PET image reconstruction using CNN. 94 

3.1. Angular-view grouping 95 
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Although the CW method is optimal from the perspective of SNR, it is time 96 

consuming because it requires ray tracing. In this study, we introduce angular-view 97 

grouping [22,25] to implement direction information. In this scheme, the events are 98 

divided into N groups, depending on the angle of coincidence. The group of events is 99 

separately accumulated in N histo-images using MLAP methods. Figure 2 shows an 100 

example of angular-view grouping at N = 8. Using angular-view grouping, we can 101 

preserve the direction information of coincidence events as view-grouped histo-images 102 

without ray tracing. Note that the angular-view grouping in this study is performed in 103 

the azimuthal angle, and not in the oblique angle. 104 

The azimuthal angle 𝜑 and view group 𝑛 can be calculated with following 105 

equations: 106 

𝜑 = {  
  cos−1 𝑦2 − 𝑦1√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 𝑥2 − 𝑥1 ≥ 0𝜋 − cos−1 𝑦2 − 𝑦1√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 otherwise , (2) 107 

𝑛 = ⌈𝜑𝜋 𝑁 + 0.5⌉ , (3) 108 

where (𝑥1, 𝑦1), (𝑥2, 𝑦2) are 2D coordinates of �⃗� 1 and �⃗� 2, respectively, and ⌈∙⌉ 109 

denotes an operator of the round down. 110 

3.2. TOF-PET image reconstruction using CNN 111 

Figure 3 shows an outline of the proposed method. Raw coincidence events are 112 

accumulated in N view-grouped histo-images by the above-mentioned angular-view 113 
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grouping. Subsequently, the 3D CNN receives N view-grouped histo-images and one 114 

attenuation map as an (N + 1) channel image, and outputs the final image. A 3D CNN 115 

can use the direction information of coincidence events because the view-grouped histo-116 

images preserve the direction information of coincidence events. The view-grouped 117 

histo-images are normalized for the detection efficiency variation. Then, the attenuation 118 

and scatter are corrected inside the 3D CNN through end-to-end learning of mapping of 119 

the view-grouped histo-images, which are not corrected for scatter and attenuation, to 120 

the phantom images of ground truth. 121 

Figure 4 illustrates the network architecture of the 3D CNN used in this study. We 122 

employed a 3D U-net [26] architecture because it is suitable for medical image 123 

processing. To increase the speed of inference, we reduce the trainable parameters of 124 

the proposed architecture to 3% of the FastPET architecture. The 3D U-net comprises 125 

an encoder, a decoder, and skip connections. 126 

The encoder part extracts useful features for image reconstruction through 127 

convolution, non-linear activation, and down-sampling. The combination of 3 × 3 × 3, 128 

3D convolution, and a leaky rectified linear unit (LReLU) is repeated twice before 129 

down-sampling. Down-sampling is performed by a 3 × 4 × 4, 3D convolution with 130 

stride (1, 2, 2), followed by LReLU. At each down-sampling stage, the x and y sizes of 131 

the feature maps are halved, and the number of channels is doubled. 132 

The decoder part reconstructs the final image from the feature maps through 133 

convolution, nonlinear activation, and up-sampling. The combination of 3 × 3 × 3, 3D 134 

convolution and LReLU is repeated twice before up-sampling. Up-sampling is 135 
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performed by a 3 × 4 × 4, 3D transpose convolution with stride (1, 2, 2), followed by 136 

LReLU. At each up-sampling stage, the x and y sizes of the feature maps are doubled, 137 

and the number of channels is halved. The final image is reconstructed by a 3 × 3 × 3, 138 

3D convolution with one channel output. 139 

The feature maps of the encoder part before down-sampling are added to the feature 140 

maps of the decoder part after up-sampling through a skip connection. 141 

4. Experimental setup 142 

4.1. Simulation dataset 143 

Monte Carlo simulations were performed with our own Monte Carlo simulator 144 

to create the dataset. Segmented brain MRI images of 20 normal subjects downloaded 145 

from BrainWeb [27] were used to make digital brain phantoms. The contrast of 146 

radioactivity between gray matter, white matter, and cerebrospinal fluid was set to 1 : 147 

0.25 : 0.05 based on the [18F]FDG contrast. The attenuation coefficients of the soft 148 

tissue and bone were set to 0.00958 mm-1 and 0.0151 mm-1, respectively. 149 

In this study, we used the brain-dedicated PET scanner described in [28] as the 150 

detector arrangement for the simulation. A detector ring with a diameter of 486.83 mm 151 

was constructed with detector units of 28 and 4 in the ring and axial directions, 152 

respectively. Each detector unit had a 16 × 16 array of cerium-doped lutetium–yttrium 153 

oxyorthosilicate (LYSO) crystals. The size of each LYSO crystal was 3.14 mm × 3.14 154 

mm × 20 mm. The image size was 70 × 128 × 128 voxels with a voxel size of 3.221 × 3 155 

× 3 mm3. An energy resolution of 15% and an energy window of 400–650 keV were 156 

assumed. A total of 181.12 ± 6.08 M counts, including scatter events, were collected for 157 
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each subject using 3D acquisition. CTR values of 100, 300, and 600 ps were simulated. 158 

The number of ring was 72, including the gap between the detector units in the axial 159 

direction. The maximum ring difference was set to ±66. 160 

We split the 20 subjects into 15 and 5 for training and testing, respectively. In 161 

addition, the training data were split into 12 for real training and 3 for validation to 162 

monitor the validation loss during training. 163 

4.2. Network training 164 

We trained the 3D CNN for 500 epochs using the Adam optimizer with 𝛽1 = 0.5. 165 

In this study, the phantom images were used as the training label.  The mean squared 166 

error was used as the loss function. We considered 64 updates using the mini-batch with 167 

a batch size of 32 as one epoch. We randomly cropped the 64 × 64 × 64 sub-image from 168 

the original 70 × 128 × 128 image during training as data augmentation. We monitored 169 

the loss of validation data during training and chose the model with the minimum 170 

validation loss for testing. In the testing phase, the original 70 × 128 × 128 image was 171 

used as the network input. 172 

4.3. Evaluation 173 

We reconstructed the five test data using the list-mode dynamic row-action 174 

maximum likelihood algorithm (List-DRAMA) [29,30] and the proposed method of N = 175 

1, 2, 4, 8, and 16. List-DRAMA was performed with two main iterations and 40 176 

iterations. List-DRAMA was calculated in parallel using eight cores of Intel Xeon 177 
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X5680 3.33 GHz. The proposed method was calculated with an NVIDIA Quadro P6000 178 

graphics board using Chainer 7.7.0 (https://chainer.org/). 179 

For quantitative evaluation, we measured the peak signal-to-noise ratio (PSNR) 180 

and structural similarity (SSIM) of reconstructed images, �̂�, using a phantom image, 𝑥, 181 

as a reference. 182 

PSNR is an indicator of the voxel-level image similarity, and it was calculated 183 

as: 184 

PSNR = 10 log10 (max𝑗∈𝑅 𝑥𝑗)21𝑁𝑅 ∑ (�̂�𝑗 − 𝑥𝑗)2𝑗∈𝑅 (dB), (4) 185 

where 𝑗, 𝑅 and 𝑁𝑅 denote an index of the voxel, an entire brain region, and the 186 

number of voxels inside the entire brain region, respectively. 187 

SSIM is an indicator of the image brightness, contrast, and structural 188 

similarities, and it was calculated as: 189 

SSIM = 1𝑁𝑅∑ (2𝜇𝑗�̂�𝜇𝑗𝑥 + 𝑐1)(2𝜎𝑗�̂�𝑥 + 𝑐2)(𝜇𝑗�̂�2 + 𝜇𝑗𝑥2 + 𝑐1)(𝜎𝑗�̂�2 + 𝜎𝑗𝑥2 + 𝑐2)𝑗∈𝑅 , (5) 190 

where 𝜇𝑗 and 𝜎𝑗 are the mean and standard deviation of a small local region 191 

(patch) around the 𝑗-th voxel, 𝜎𝑗�̂�𝑥 is the covariance between the patches around the 𝑗-th 192 

voxel of the reconstructed image and the phantom image. In this study, the patch size 193 

was 7 × 7 × 7 voxels, 𝑐1 = (0.01𝐿)2, and 𝑐2 = (0.03𝐿)2, where 𝐿 is the dynamic range 194 

of the phantom image. 195 
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5. Results and Discussion 196 

Figure 5 shows the PSNR and SSIM relative to the number of views at CTRs of 197 

100, 300, and 600 ps. The PSNR and SSIM increased as the number of views 198 

increased. This indicated that the direction information is beneficial in improving the 199 

SNR even with the deep learning-based image reconstruction method. 200 

The PSNR at a CTR of 100 ps slightly decreased when the number of views 201 

reached 12 or more. It is known that the number of views required for TOF-PET 202 

image reconstruction decreases as CTR improves [25,31]. The number of views 203 

required for the analytic TOF-PET image reconstruction was obtained [25], 204 𝑁 > 2𝜋𝜎𝑇 𝑑0⁄ , (6) 205 

where 𝜎𝑇 is the standard deviation of the TOF response function, and 𝑑0 denotes 206 

the required spatial resolution. If 𝜎𝑇= 6.37 mm, which corresponds to a CTR of 100 207 

ps, and 𝑑0 = 4.5 mm, which corresponds to a 1.5 voxel width, then N > 6 is sufficient. 208 

The above results are consistent with this theory. Therefore, the optimal number of 209 

views for each TOF-PET scanner can be easily estimated using the above formula. 210 

Figure 6 shows a comparison of reconstructed images between the proposed 211 

method and the other methods at a CTR of 300 ps. The results of FastPET correspond 212 

to the results of the proposed method using 1 view. The results of the proposed 213 

method are the case with eight views. The proposed method improved both PSNR and 214 

SSIM and provided sharper images than the other methods. The proposed method 215 

recovered a finer structure than that of the other methods, as indicated by a red square. 216 

These results indicate that the spatial resolution of the reconstructed image by the 217 

proposed method was improved by the high-resolution information in the vertical 218 

direction of coincidence events. 219 
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Table 1 shows a comparison of calculation times, PSNRs, and SSIMs between the 220 

proposed method and the other methods for a CTR of 300 ps. The calculation time of 221 

the proposed method is almost the same as that of FastPET. In addition, the proposed 222 

method was three orders of magnitude faster than List-DRAMA. These results 223 

indicate that the proposed method has the capability of near real-time TOF-PET 224 

image reconstruction with high image quality. 225 

One of the limitations of this study is that it is applied only for the simulation 226 

dataset. We will collect experimental data for training neural networks using the brain 227 

PET scanner. From this study, it seems that the findings of theory of image 228 

reconstruction are also useful for deep learning-based methods. For example, view-229 

grouped histo-images could be beneficial in improving PET image quality using 230 

unsupervised CNN framework [6–8,12].  231 

In this study, we used the angular-view grouping with MLAP instead of CW. The 232 

CW method is expected to improve the SNR from the principle of TOF-PET image 233 

reconstruction, however, it is impractical from the perspective of calculation cost 234 

because the strict calculation of CW requires ray-tracing event-by-event. The angular-235 

view grouping can be considered as the fast approximation of the CW method, and its 236 

performance is similar to that of the CW method as the number of views increases. In 237 

this study, we input the tuple of view-grouped histo-images and attenuation maps to 238 

the 3D CNN similar to FastPET [21]. When no attenuation map is used for the CNN 239 

input, the accuracies of scatter and attenuation corrections could be degraded because 240 

the Compton scattering and photon attenuation are governed by the attenuation map. 241 

Table 1: Comparison of calculation times, PSNRs, and SSIMs between the proposed method and other 242 

methods at 300 ps CTR 243 
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Reconstruction 

method 
Number of views Calculation time (s) PSNR (dB) SSIM 

List-DRAMA - 731.2±9.02 18.71±0.41 0.818±0.011 

FastPET 1 0.225±0.002 19.48±0.17 0.921±0.001 

Proposed method 

4 0.229±0.003 20.44±0.17 0.936±0.001 

8 0.235±0.003 20.95±0.33 0.941±0.002 

12 0.241±0.003 20.98±0.14 0.941±0.001 

16 0.246±0.004 21.00±0.15 0.943±0.002 

 244 

6. Conclusions 245 

We proposed a deep learning-based fast TOF-PET image reconstruction using 246 

direction information. We input the view-grouped histo-images to the 3D CNN to use 247 

the direction information. We evaluated the proposed method using Monte Carlo 248 

simulation data from a digital brain phantom. The proposed method achieved better 249 

PSNR and SSIM results, recovered finer structures than the other methods, and required 250 

a sub-second calculation time. These results indicate that the proposed method is 251 

beneficial in both the speed and image quality of TOF-PET image reconstruction. 252 
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Figures 342 

 343 

Figure 1: Event accumulation methods of TOF-PET. The MLAP method accumulates events into the 344 

voxel nearest to the MLAP estimated using TOF information (a). The CW method accumulates events as 345 

a line weighted by the TOF response function centered on the most likely annihilation position (b). The 346 

CW method is optimal in terms of SNR, but is time-consuming because it requires ray tracing. 347 
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 349 

Figure 2: Event accumulation of TOF-PET using angular-view grouping. Events are divided into N 350 

groups depending on the angle of coincidence. The groups of events are separately accumulated in N 351 

histo-images using the MLAP method. In this example, N = 8. View-grouped histo-images preserve the 352 

direction information of the coincidence event without ray tracing. 𝜑 is an azimuthal angle of a 353 

coincidence event. 354 
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 356 

Figure 3: Deep learning-based fast TOF-PET image reconstruction using direction information. Three-357 

dimensional CNN receives N view-grouped histo-images and one attenuation-map as an (N + 1) channel 358 

image, and outputs the final image volume. Hence, 3D CNN can use the direction information to improve 359 

the SNR of the final image volume. 360 
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 362 

Figure 4: Network architecture of this study. 363 
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 365 

Figure 5: Effects of number of views to PSNR (left) and SSIM (right), at CTRs of 100, 300, and 600 ps. 366 

PSNR and SSIM increases as the number of views increases. 367 
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 369 

Figure 6: Comparison of reconstructed images between the proposed method and the other methods at a 370 

CTR of 300 ps. From left to right, the phantom image, histo-image, List-DRAMA, and FastPET, which 371 

corresponds to the proposed method using 1 view, and the proposed method using 8 views. The histo-372 

image was made by accumulating all events into single array using TOF information. The images were 373 

tagged with PSNR and SSIM. The red square indicates the region that proposed method recovered a finer 374 

structure than that of the other methods. 375 


