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Abstract 

Background  [18F]FDG PET/CT scan combined with [18F]PSMA-1007 PET/CT scan is commonly conducted for detect-
ing bone metastases in prostate cancer (PCa). However, it is expensive and may expose patients to more radia-
tion hazards. This study explores deep learning (DL) techniques to synthesize [18F]PSMA-1007 PET bone images 
from CT bone images for the early detection of bone metastases in PCa, which may reduce additional PET/CT scans 
and relieve the burden on patients.

Methods  We retrospectively collected paired whole-body (WB) [18F]PSMA-1007 PET/CT images from 152 patients 
with clinical and pathological diagnosis results, including 123 PCa and 29 cases of benign lesions. The average age 
of the patients was 67.48 ± 10.87 years, and the average lesion size was 8.76 ± 15.5 mm. The paired low-dose CT 
and PET images were preprocessed and segmented to construct the WB bone structure images. 152 subjects were 
randomly stratified into training, validation, and test groups in the number of 92:41:19. Two generative adversarial 
network (GAN) models—Pix2pix and Cycle GAN—were trained to synthesize [18F]PSMA-1007 PET bone images 
from paired CT bone images. The performance of two synthesis models was evaluated using quantitative metrics 
of mean absolute error (MAE), mean squared error (MSE), peak signal-to-noise ratio (PSNR), and structural similarity 
index metrics (SSIM), as well as the target-to-background ratio (TBR).

Results  The results of DL-based image synthesis indicated that the synthesis of [18F]PSMA-1007 PET bone images 
from low-dose CT bone images was highly feasible. The Pix2pix model performed better with an SSIM of 0.97, PSNR 
of 44.96, MSE of 0.80, and MAE of 0.10, respectively. The TBRs of bone metastasis lesions calculated on DL-synthesized 
PET bone images were highly correlated with those of real PET bone images (Pearson’s r > 0.90) and had no significant 
differences (p < 0.05).

Conclusions  It is feasible to generate synthetic [18F]PSMA-1007 PET bone images from CT bone images by using DL 
techniques with reasonable accuracy, which can provide information for early detection of PCa bone metastases.
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Introduction
PCa is the most prevalent malignant tumor and a lead-
ing cause of oncological mortality in men [1]. Bone is 
the most common metastasis site of PCa, accounting 
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for 88.7% of all PCa metastasis sites. About 85% to 
100% of patients who die from PCa have bone metas-
tases [2]. The clinical detection of bone metastases 
in PCa is crucial, as it can precipitate skeletal-related 
events (SREs), including pathological fractures, spinal 
cord compression, bone surgery, and bone radiation 
therapy, which can severely affect patients’ quality of 
life and survival. Early detection and diagnosis of bone 
metastases in PCa are critical for improving patient 
outcomes, as they enable timely interventions to slow 
disease progression and reduce complications.

In clinical practice, technetium-99 m methyl diphos-
phonate ([99 mTc]MDP) WB bone scan is the most com-
mon and cost-effective method for the early screening 
of PCa bone metastases. However, it has relatively 
low specificity in diagnosing bone metastases, and the 
intrinsic low resolution of nuclear medicine scintigra-
phy often leads to the omission of small lesions [2, 3]. 
Fluorine-18-Fludeoxyglucose ([18F]FDG) is the most 
widely used radiotracer, and [18F]FDG PET/CT imag-
ing is effective for the diagnosis and staging of PCa, 
which has been demonstrated superior to [99 mTc]MDP 
SPECT for detecting PCa bone metastasis [2, 3] . How-
ever, [18F]FDG PET/CT is more sensitive in detecting 
osteolytic bone metastases, but has limited effective-
ness in detecting osteoblastic lesions, which are pre-
dominant in PCa bone metastases [2, 3]. The accurate 
diagnosis of PCa bone metastases remains a significant 
clinical challenge.

Prostate-specific membrane antigen (PSMA) is a glyco-
protein involved in PCa [4, 5]. Fluorine-18 PSMA ([18F]
PSMA)-1007 is a novel PSMA-based radiopharmaceu-
tical and has rapidly become a popular method for PCa 
examination in recent years [4–7]. It is valuable for diag-
nostic evaluation, staging, risk stratification, detection 
of biochemical recurrence, and assessment of treatment 
efficacy in PCa due to its notable advantages, including 
a longer radiotracer half-life, a better PET image resolu-
tion, and predominant excretion via the hepatobiliary 
rather than urinary system [4–7]. [18F]PSMA-1007 has 
distinct advantages in detecting primary prostate lesions, 
pelvic lymph node metastasis, and bone metastases, 
and shows superior to [18F]FDG. However, its uptake in 
the liver, spleen, and intestines can affect the detection 
of metastasis in other regions, and uptaking in benign 
lesions is considerably higher [6, 7]. Additionally, the 
[18F]PSMA-1007 PET/CT scan is more expensive. There-
fore, in clinical practice, both [18F]FDG and [18F]PSMA-
1007 PET/CT imaging may have complementary effects, 
and their combined use can provide a more comprehen-
sive assessment of PCa bone metastasis. However, dual 
PET/CT scans increase the burden on both patients and 
the healthcare system.

To address challenges such as scanning radiation 
and the high cost of scans, medical image synthe-
sis inter- and intra-modalities has gained increasing 
traction in clinical applications. With the rapid devel-
opment of machine learning (ML) and DL in recent 
decades, DL-based image synthesis technology has 
become mainstream and shown great potential in the 
clinical workflow [8]. Salehjahromi et al. testified to the 
feasibility of applying DL (conditional GAN, cGAN) 
to obtain high-fidelity PET translated from CT [9]. 
The authors demonstrated synthetic PET’ promising 
diagnostic values in lung cancer staging, early detec-
tion, and prognostication. Sanaat et al. proposed a DL 
model for generating the [18F]FDG from early-phase 
Fluorine-18 Florbetapir ([18F]FBP) and Fluorine-18 
Flutemetamol ([18F]FMM) PET images [10], through 
which the authors proposed an alternative to reduce 
the number of PET scans for multiple radiotracer scan-
ning in research and clinical settings.

In hybrid PET/CT, CT image depicts anatomical and 
structural changes of bone with a high spatial resolu-
tion, thus the incorporation of both components of 
PET and CT enhances the evaluation accuracy of 
bone metastases [11]. This study hypothesizes that 
DL can generate synthetic [18F]-PSMA-1007 PET WB 
bone structure images from CT scans. These syn-
thetic images could offer valuable insights into bone 
metabolism and enhance clinical decision-making by 
aiding in the early detection of PCa bone metastases. 
To test this, we developed two GAN models—Pix2pix 
GAN and Cycle GAN—to perform this cross-modality 
CT-to-PET translation. We then evaluated the quality 
and clinical values of the synthetic PET bone structure 
images for PCa bone metastases diagnosis.

Materials and methods
Participants
In this retrospective study, we collected paired [18F]
PSMA-1007 PET/CT images from 152 patients of 
the People’s Hospital of Xinjiang Uygur Autonomous 
Region from July 2022 to May 2023. All patients had 
clinical and pathological diagnoses, with 123 cases of 
PCa and 29 cases of benign lesions. The average age 
of the patients was 67.48 ± 10.87 years and the lesions 
were 8.76 ± 15.5 mm in size. Among those 123 PCa 
patients, 122 patients were staged N, and 77 patients 
staged M based on clinical TNM staging per diagnostic 
and treatment standards.

This study was approved by the Ethics Committee of 
the People’s Hospital of Xinjiang Uygur Autonomous 
Region, China. Written informed consent was obtained 
from all patients.
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PET/CT data acquisition
All 152 patients underwent [18F]PSMA-1007 WB PET/
CT scans using a Siemens Biograph mCT64 (Siemens 
Healthcare, Germany). The 18F isotope was produced by 
GE Minitrace medical cyclotron, and the PSMA-1007 
ligand was supplied by ABX company in Germany. The 
radiochemical purity of [18F]PSMA-1007 exceeded 99%. 
[18F]PSMA-1007 was injected into the patient’s elbow 
vein 60 min before the examination at a dose of 7–10 
mCi (2MBq/kg). Following the injection, patients were 
instructed to rest, drink plenty of water, and urinate 
more. Subsequently, the PET/CT scan was performed. 
The scanning range extended from the top of the head to 
the base of the thighs. The low-dose CT scan utilized an 
automatic milliampere second setting at 120 kV voltage, 
a 512 × 512 matrix, and a 5 mm thickness. The PET scan 
consisted of 5 to 6 beds, with each bed scanned for 2–3 
min. PET images were reconstructed using the TrueX 
+ TOF (ultra-HD PET) algorithm with 3 iterations and 21 
subsets.

PET/CT data preprocessing, segmentation, and bone 
structure extraction
First, WB PET/CT data were preprocessed as follows. 
All CT images were stripped of the scanning table using 
Remove CT table module of 3D Slicer tool (version 5.2.2). 
All PET images were converted to standardized uptake 
values (SUV) and were co-registered with their paired 
CT images using the Elastix registration module of 3D 
Slicer [12].

Next, unlike most other studies that usually synthesize 
whole images [8–10], this study only tried to synthesize 
the bone tissue structure to investigate PCa bone metas-
tases. In order to achieve this, the CT images were auto-
matically segmented into 104 anatomical structures (27 
organs, 59 bones, 10 muscles, and 8 vessels) by utiliz-
ing the TotalSegmentor module of 3D Slicer [13], from 
which we obtained the WB CT bone tissue structure seg-
ments. All WB CT bone tissue structure segments were 
reviewed by an experienced radiologist and corrected if 
needed. As such, CT bone tissue structure images and 
masks were obtained for all subjects.

Subsequently, the WB PET bone structures were seg-
mented on the WB PET images by applying the WB CT 
bone tissue structure masks, which served as the ground 
truth for DL modeling later. In addition, the WB CT bone 
tissue structure images were transformed into X-ray 
attenuation coefficient maps [14], whose values ranged 
from 0 to 1, to serve as the input images for training DL 
models.

Last, in order to measure the TBR, the malignant 
bone metastasis lesions regions of interest (ROIs) and 

contralateral normal ROIs were delineated manually on 
the PET bone images by an experienced radiologist using 
3D Slicer (Fig. 1).

GAN models development
All 152 subjects were randomly stratified into training, 
validation, and test groups in the number of 92:41:19 
respectively. The DL training platform used the Medical 
Open Network for Artificial Intelligence (MONAI) (core 
version 1.1.0). The training environment were Windows 
11 and Nvidia 16GB GPU. Two GAN models—Pix2pix 
[15] and Cycle GAN [16]—were trained to synthesize 
PET bone images from the paired CT bone attenuation 
map images. The discriminator and generator in two 
GAN networks utilized PatchGAN3D and 3D U-Net 
respectively. The loss function selected the least squares 
GAN (LSGAN) loss function [17], and the optimiza-
tion algorithm was adaptive moment estimation (Adam) 
optimizer with a learning rate of 0.0001. All images were 
resized to 128 × 128 × 256 before feeding to models. 
Other training hyperparameters were set to the batch 
size of 2, the number of epochs of 1000, and the batch 
normalization method.

Performance evaluation
The accuracy of the DL-based image synthesis was evalu-
ated using four quantitative metrics, including MAE, 
MSE, PSNR, and SSIM (Eqs.1–4) [18].

In Eqs.(1–4), R represents the reference image, and P 
represents the synthesized image using DL. µR and µP 
represent the mean value of the images R and P, and σRP 
represents the covariance of R and P. σ 2

R and σ 2
P represent 

the variances of R and P. The constants c1 and c2 ( c1=0.01 
and c2=0.02) are used to avoid dividing by numbers close 
to zero. T represents the total number of voxels. MAX(R) 
represents the maximum intensity value of R.

In addition, the target-to-background ratio (TBR) val-
ues for the test group were calculated on both PET bone 
images (ground truth) and DL-synthesized PET bone 
images (Eq. 5).

SSIM(R,P) = (2µRµP+c1)(2σRP+c2)

µ2
R+µ2

P+c1 σ 2
R+σ 2

P+c2
#(1)

PSNR(R,P) = 20× log

(

MAX(R)√
MSE(R,P)

)

10
#(2)

MSE(R,P) =
∑T

j (Rj−Pj)
2

T #(3)

MAE(R,P) =
∑T

j |Rj−Pj|
T #(4)
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The Pearson correlation coefficient between those two 
sets of TBR values was computed.

Statistical analysis
All statistical analyses were implemented using Python 
V3.9 and R software V4.2. Continuous variables were 
expressed as mean ± standard deviation (SD). The T-test 
for two groups, and analysis of variance (ANOVA) for 
more than two groups, were employed for normally 

TBR =

SUVmax of malignant lesion ROI
SUVmean of contralateral normal ROI

#(5)
distributed continuous variables. The Mann–Whitney U 
test was used for continuous variables with non-normal 
distribution. Nominal variables were analyzed using the 
Fisher’s exact test, with results expressed as percentages. 
A two-tailed p-value < 0.05 was considered statistically 
significant.

Results
There were significant differences in age (t = −4.48, p < 
0.001) and lesion size (t = −10.39, p < 0.001) between 
the benign (29 cases) and malignant (123 cases) groups 

Fig. 1  Workflow of the study. A PET/CT data preprocessing, segmentation, and bone image construction. B GAN models training for image 
synthesis. C Image synthesis performance evaluation
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of patients. The TNM stage distribution in the malignant 
group included 122 stage N and 77 stage M. The demo-
graphic statistical analysis for the training, validation, 
and test groups is detailed in Table 1. There were no sig-
nificant differences in demographic distribution among 
the three groups.

The image synthesis performance of Pix2pix and Cycle 
GAN models was compared using four quantitative 
measures—SSIM, PSNR, MSE, and MAE, as shown in 
Table 2. Two models achieved satisfactory synthesis per-
formance in training, validation, and test groups. In com-
parison, the Pix2pix model showed better than the Cycle 
GAN and obtained a higher SSIM value of 0.97 ± 0.01, 
PSNR of 43.40 ± 2.87, MSE of 0.83 ± 0.03, and MAE 
of 0.10 ± 0.01 on the test groups. The two-tailed t-test 
results of metrics for the test group indicated no signifi-
cant differences between the two GAN models (p < 0.001 
for SSIM, MSE, and MAE, p < 0.05 for PSNR).

For 16 patients who had malignant bone metastases in 
the test group, the TBR values were calculated on PET 
bone images (ground truth), Pix2pix, and Cycle GAN 
synthesized PET bone images, respectively. There were 
no significant differences (all p < 0.05) and high Pear-
son correlation coefficient (all > 0.90) for TBRs between 
ground truth and Pix2pix or Cycle GAN. The TBR dis-
tribution among the three sets is depicted in Fig.  2. It 

indicated that the synthesized PET bone images gener-
ated from two GAN models obtained a comparable qual-
ity and signal-to-noise ratio to the real PET bone images.

Figure  3 illustrates the [18F]PSMA-1007 WB PET 
image synthesis results for two patients at stage M who 
had multiple bone metastases. It clearly shows the bone 
metastatic lesions of PCa (as pointed out by the yellow 
arrows) in visual inspection from the synthesized [18F]
PSMA-1007 PET image. Two patients presented with 
multiple lesions in the ribs, vertebrae, pelvis, and femur.

However, it was also observed that the quality of the 
original [18F]PSMA-1007 PET images directly impacted 
the quality of the DL ground truth and, as a result, the 
quality of the synthesized PET bone images. Fig. 4 depicts 
a case of a synthesized [18F]PSMA-1007 PET bone image 
with suboptimal quality. In this figure, the original [18F]
PSMA-1007 PET image appears excessively smooth, 
resulting in low resolution of bone structures. As a con-
sequence, the final Pix2pix synthesized PET bone image 
displays blurry bone structures, leading to overall unsat-
isfactory quality.

Discussion
This study successfully synthesized [18F]PSMA-1007 PET 
WB bone images from CT bone images of [18F]PSMA-
1007 PET/CT scans, achieving the intended objectives. 

Table 1  Demographic statistical analysis for training, validation, and test groups

Training Group Validation Group Test Group P-value

Number of patients 92 41 19 -

Age (mean ± SD, years) 67.37 ± 10.15 69.10 ± 12.76 66.13 ± 11.05 0.564

Weight (mean ± SD, Kg) 74.85 ± 14.39 70.48 ± 8.97 72.97 ± 9.97 0.247

Lesion Size (mean ± SD, mm) 28.00 ± 15.99 30.45 ± 16.02 27.03 ± 13.76 0.694

Number of benign (%) 15 (16.30%) 7 (17.07%) 3 (15.79%) 0.516

Number of malignant (%) 77 (83.70%) 34 (82.93%) 16 (84.21%)

Number of N0 (%) 16 (17.39%) 8 (19.51%) 6 (31.58%) 0.61

Number of N1 (%) 76 (82.61%) 33 (80.49%) 13 (68.42%)

Number of M0 (%) 42 (44.65%) 27 (65.85%) 6 (31.37%) 0.287

Number of M1 (%) 50 (54.35%) 14 (34.15%) 13 (68.42%)

Table 2  Performance comparison of image synthesis GAN models

Model Dataset SSIM
(mean ± SD)

PSNR
(mean ± SD)

MSE
(mean ± SD)

MAE
(mean ± SD)

Pix2pix Training 0.97 ± 0.01 44.96 ± 2.70 0.82 ± 0.03 0.10 ± 0.01

Validation 0.97 ± 0.01 43.95 ± 2.79 0.83 ± 0.03 0.10 ± 0.01

Test 0.97 ± 0.01 43.40 ± 2.87 0.83 ± 0.03 0.10 ± 0.01

Cycle GAN Training 0.97 ± 0.01 43.52 ± 3.06 0.84 ± 0.02 0.10 ± 0.01

Validation 0.96 ± 0.02 41.62 ± 2.81 0.95 ± 0.02 0.20 ± 0.04

Test 0.95 ± 0.02 41.03 ± 2.70 1.01 ± 0.06 0.24 ± 0.04
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Fig. 2  TBR distribution comparison among the ground truth, Pix2pix, and Cycle GAN synthesized results for patients at stage M in the test group

Fig. 3  Coronal and sagittal views of [18F]PSMA-1007 WB PET bone image synthesis results for two patients (A) and (B) at stage M
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The method of synthesizing PET images from CT images 
has been previously reported in the literature [9, 19–22], 
however, to the best of our knowledge, this is the first 
time that synthesizing [18F]PSMA-1007 PET images from 
low-dose CT bone images for detecting bone metastases 
in PCa is investigated.

Previous studies on PET image synthesis using CT 
images of PET/CT WB scans have often utilized only 
partial CT data by clipping partial CT values, not lev-
eraging the full scope of CT image information [9, 19]. 
In contrast, this study converted CT images from CT 
Hounsfield Unit (HU) values, typically from −1000 to 
1000, to CT attenuation coefficient maps ranging from 0 
to 1, thereby preserving all CT image information. This 
conversion allowed deep neural networks to learn all the 
features from CT images during model training. Moreo-
ver, by using the bone structure extracted from CT and 
PET images for synthesis, instead of full images, we mini-
mized the impact of [18F]PSMA-1007 PET image uptake 
in abdominal organs on the detection of skeletal lesions, 
which in turn improved SSIM, and reduced MSE.

It was observed that both Pix2pix and Cycle GAN 
models achieved good performance in the image syn-
thesis of this study. The Pix2pix model achieved better 
quantitative metrics with SSIM, PSNR, MSE, and MAE 
of 0.97 ± 0.01, 44.96 ± 2.70, 0.82 ± 0.03, and 0.1 ± 0.01, 
respectively. The bone metastasis lesions’ TBRs of DL-
synthesized images were highly correlated with those of 
real PET bone images and had no significant differences. 
The quality of the synthesized images was generally satis-
factory visually and quantitatively.

The superior performance of the GAN models can be 
mainly attributed to the GAN network’s architecture, 
which consists of a generator and a discriminator. This 
architecture enables the generation of images that closely 
resemble the true image. As depicted in Fig. 3, the syn-
thesized [18F]PSMA-1007 PET bone image from CT 
bone image accurately delineates osseous structures and 
PCa metastases, offering clinically valuable diagnostic 
information.

Meanwhile, factors impacting the quality of synthe-
sized images were also examined. The primary factor 
is the quality of the PET images, which is influenced by 
more factors, including the type of radiopharmaceuti-
cals, scanning speed, motion artifacts, patient physiol-
ogy, and tumor scintigraphy limitations. Suboptimal [18F]
PSMA-1007 images can impact the quality of synthesized 
images, leading to a low signal-to-noise ratio, as illus-
trated in Fig.  4. Additionally, the sequential nature of 
PET/CT scans means that accurate registration between 
the two modalities is crucial. Registration errors caused 
by factors such as patient motion, image quality, and reg-
istration algorithm can also degrade synthesized image 
quality.

In general, the results of this study suggest great 
potential for clinical application. The ability to generate 
synthetic [18F]PSMA-1007 PET bone images from CT 
bone images means that CT images in common tracer 
[18F]FDG PET/CT scans or even routine CT examina-
tion alone can provide complementary information for 
early diagnosis of PCa bone metastases. By doing this, it 
becomes highly feasible to reduce the number of PET/CT 

Fig. 4  A case of [18F]PSMA-1007 WB PET bone synthesis image with suboptimal quality at stage M
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scans which in turn lowers radiation exposure and costs 
for patients. Thus this process holds crucial clinical value 
for detecting PCa bone metastases.

Despite the promising results of GANs in image syn-
thesis, it is important to acknowledge their potential 
pitfalls, such as vanishing gradients, mode collapse, and 
convergence difficulty [19]. More studies still are needed, 
preferably utilizing larger datasets and innovative train-
ing techniques, to enhance the feasibility of GANs in 
clinical settings [19].

However, this study has limitations. We utilized a rela-
tively small number of subjects from one center, with 
only 92 cases in the training group, 41 cases in the vali-
dation group, and 19 cases in the test group. Addition-
ally, since less than half of the patients were in stage M 
and there were substantial differences in the number of 
metastatic lesions, the clinical diagnosis accuracy has not 
been fully validated. In addition, the interpretability of 
the synthesized images by GAN was not visualized and 
the ablation study was not conducted. Further work will 
focus on enhancing the generalization of the models by 
collecting multi-center datasets, conducting in-depth 
research on their clinical value, and improving network 
interpretability.

Conclusions
The synthetic [18F]PSMA-1007 PET bone images can be 
generated from low-dose CT images by utilizing the DL 
technique with acceptable accuracy. The DL-synthetic 
[18F]PSMA-1007 PET bone images from CT images can 
provide complementary information for early detecting 
bone metastases in patients with PCa.
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