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Abstract 

Background: 

Stereotactic radiosurgery (SRS) requires MRI imaging for accurate target delineation. 

Synthetic CT (sCT) generated from MRI offers a streamlined MR-only solution without 

additional CT simulation. However, challenges remain in sCT accuracy for SRS planning in 

practical settings, especially when considering immobilization devices.  

Purpose:  

To develop a knowledge-based deep model for sCT generation from a single MR volume 

in LINAC-based frameless SRS, enabling an MR-only workflow without the need for extra CT 

simulation. 

Methods: 

A total of 139 patients were included in the study, with 120 used for training and 19 for 

testing. A Deep Residual U-Net (DRU) was developed to generate sCT from patient-specific 

high-resolution T1+C MR volume, complemented by a healthy brain CT volume from the Visible 

Human Project, which provides CT-specific anatomical knowledge. To simulate treatment 

conditions, a template immobilization mask was deformed to align with the patient-specific sCT 

anatomy, creating a full sCTF volume. Four metrics, including PSNR, SSIM, RMSE, and MAE, 

were derived to evaluate the Hounsfield units (HU) accuracy of sCT compared to the ground-truth 

CT without immobilization masks. Multi-target SRS plans developed with the VMAT technique 

were recalculated within sCTF volumes to produce simulated dose distributions. These were 

compared with clinical plan dose distributions using the mean dose difference in the planning 

target volume (PTV) and gamma index evaluation. 

Results: 

In the test set, the generated sCT achieved a PSNR of 75.40 ± 3.58 dB, SSIM of 0.99 ± 

0.01, RMSE of 11.88 ± 5.82 HU, and MAE of 1.38 ± 0.81 HU for brain tissues. When comparing 
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sCTF dose calculation results against the original plan, gamma index passing rates were 95.77 ± 

4.17% for the entire volume and 84.36 ± 14.95% within PTVs, using 3%/1 mm/15% threshold 

criteria. The PTV mean dose difference averaged -2.32 ± 1.48%, with most discrepancies below -

5.0%. 

Conclusion: 

This study successfully demonstrated the generation and validation of sCT images from 

single-modality MRI using a knowledge-based deep model. The results confirm that single-

modality MRI effectively supports frameless SRS and integrates seamlessly into current clinical 

workflows.  
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1. Introduction  

Stereotactic radiosurgery (SRS) is an advanced, non-invasive radiation therapy technique 

that precisely targets intracranial lesions using highly focused beams to deliver high radiation 

dose to tumors with sub-millimeter accuracy, minimizing damage to surrounding healthy tissue 

while achieving excellent local control [1]. A critical step in SRS planning involves the 

integration of high-resolution MRI for target delineation and CT images for electron density 

mapping and dose calculation [2]. However, the current workflow requires separate MR 

acquisition and CT simulation, followed by image co-registration between MRI and CT images 

for treatment planning. A practical challenge of this practice is the additional waiting time 

between MR acquisition and CT simulation, which can be a logistical problem for patients who 

may have limited access to frequent hospital visits. This potential waiting time could be more 

impactful on some brain metastasis (BM) patients, who often require urgent treatment due to 

rapid tumor growth and may have limited mobility. Additionally, MR-CT co-registration may 

introduce residual errors. With the increasing adoption of frameless SRS, which eliminates the 

need for rigid head fixation using invasive frames and instead relies on mask-based 

immobilization and image guidance, precise image registration becomes even more critical. 

Misalignment due to registration inaccuracies can introduce setup errors, potentially 

compromising treatment accuracy. As such, there is a growing interest in an MR-only workflow 

for LINAC-based SRS. This approach could simplify the workflow for SRS planning, especially 

in frameless SRS applications, and also reduce radiation exposure to patients by eliminating CT 

scan [3].  

Synthetic CT (sCT) generation from MRI has emerged as a promising solution that 

eliminates the need for CT simulation, offering a streamlined and patient-friendly approach to 

SRS planning. Conventional methods for sCT generation often rely on multi-modal MRI 

sequences, such as T1-weighted, T2-weighted, or ultra-short echo time (UTE) imaging, to 
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approximate bone anatomy and tissue density [4-7]. While these techniques have shown 

encouraging preliminary results, they come with drawbacks, including extended scan times, 

increased complexity in imaging protocols, and variability in image quality across different MRI 

systems [8]. These factors restrict their widespread clinical adoption, particularly in time-

sensitive scenarios such as treating brain metastases. 

In recent years, deep learning approaches, particularly convolutional neural networks 

(CNNs), have demonstrated significant potential in generating high-quality sCT images from 

MRI data [9-12]. These methods utilize large datasets to learn the complex nonlinear mapping 

between MRI intensity values and CT Hounsfield units (HUs), which are the standard units used 

in CT images for electron density information. Among the various CNN architectures, the U-Net 

has emerged as a particularly powerful model for medical image-to-image translation tasks, 

including sCT generation [11, 13, 14]. Originally developed for biomedical image segmentation, 

the U-Net features a symmetric encoder-decoder structure with skip connections that bridge the 

two pathways. The encoder extracts hierarchical features from the input image, while the decoder 

reconstructs the output image at the same resolution as the input. The skip connections allow the 

model to preserve fine-grained spatial details, making it highly effective for tasks requiring 

precise anatomical accuracy [11]. Studies have shown that U-Net-based models can effectively 

model the relationship between MRI and CT data, producing sCTs that are clinically useful for 

dose calculation and treatment planning [9, 15].  

Despite their promise, many existing deep learning models struggle to accurately capture 

CT-specific anatomical details. When trained solely on patient-specific data, these models may 

often fail to generalize across diverse anatomical variations, further limiting their clinical 

applicability [12, 16]. Patient-specific training often requires a large amount of paired MRI-CT 

data, which can be difficult to acquire due to logistical and ethical constraints [17]. Additionally, 

variations in patient anatomy, imaging protocols, and scanner differences can lead to overfitting, 
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reducing the model's ability to perform well on unseen data [18]. To address these limitations, 

researchers have been exploring techniques that incorporate prior anatomical knowledge or 

hybrid approaches by combining deep learning with traditional methods. For instance, atlas-based 

methods leverage a library of pre-existing CT scans to enhance model accuracy and improve 

generalizability [19, 20]. By incorporating anatomical priors, atlas-based techniques can help 

mitigate the limitations of purely data-driven models, particularly in cases with limited training 

data. A more practical limitation is the absence of patient-specific immobilization devices (i.e., 

thermoplastic masks) at MR simulation, primarily due to size incompatibility [21]. These devices 

are critical to immobilize patients to ensure precise SRS. Given that certain immobilization masks 

exhibit noticeable radiation attenuation, accounting for their effects in sCT generation is essential 

for accurate SRS planning [22]. 

Building on these advancements, we propose a knowledge-based deep residual U-Net 

(DRU) for sCT generation using a single high-resolution T1+C MR volume. A healthy brain CT 

volume from the Visible Human Project [23] serves as a template, integrating anatomical 

knowledge of bone and tissue structures. To simulate real-world SRS conditions, a template 

immobilization mask is integrated into the sCT generation process to form a patient-specific one 

with deformable image registration. The whole workflow is evaluated in two key areas: (1) HU-

based image accuracy, by comparing the derived sCT to the ground-truth CT at a pixel-wise level, 

and (2) dosimetric fidelity, by assessing the clinical plan calculated on the derived sCT volume 

against the original clinical plan. 
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2. Materials and Methods 

2.1 Patient Data 

This study was approved by our institutional review board and retrospectively analyzed 

data from 139 patients treated with single-isocenter multi-target (SIMT) SRS. All plans were 

developed with volumetric modulated arc therapy (VMAT) technique using 6 MV flattening 

filter-free (FFF) photon beam with Varian TrueBeamTM STx (Varian Medical System, Palo Alto, 

CA) medical linear accelerators (LINACs). The dataset was divided into training (120 patients) 

and testing (19 patients) sets, ensuring no overlap between the groups. Each patient underwent 

separate CT and MR acquisitions. CT simulation was performed using a BrainLab™ (BrainLab, 

Munich, Germany) frameless thermoplastic mask with a 400 mm in-plane field-of-view (FOV) 

and 1 mm slice thickness. MR acquisition was conducted on a dedicated SiemensTM (Siemens 

Healthineers, Erlangen, Germany) Skyra 3T simulator. For target delineation purpose, the high-

resolution T1 contrast-enhanced (T1+c) scans were acquired using the spoiled gradient echo 

(SPGR) technique with a 1mm isotropic voxel size. 

2.2 Overall Study Design 

Figure 1 summarizes the key technical designs in this work. The workflow consists of 

two primary components: (A) the generation of sCT images and (B) the comparison of dose 

distributions for validation. The first stage (A) summarizes the sCT generation. The process 

begins with the acquisition of T1+c MR images, which serve as input for the designed DRU. This 

DRU generates an initial sCT by leveraging a healthy brain CT volume from Visible Human 

Project [23] as the knowledge base. A template immobilization mask is then incorporated into the 

workflow by a deformable image registration process to produce a full synthetic CT (sCTF), as 

the final product image. The second stage (B) focuses on validating the accuracy of sCTF. For 

each test case, the original clinical SRS treatment plan is applied to the sCTF to generate a 
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simulated dose distribution, and this distribution is compared to the one from the clinical 

treatment plan as the ground truth using the gamma index (γ) analysis and mean dose difference 

of PTV (planning target volume). 

 

Figure 1: A workflow summarizing key designs in this work 

2.3 Deep Residual Network 

Figure 2 illustrates the detailed architecture of the proposed DRU. The DRU architecture 

is inspired by the U-Net framework, a widely used convolutional neural network (CNN) for 

medical image segmentation and synthesis. It features a symmetric encoder-decoder structure 

with the addition of residual connections, which enhance feature learning and gradient flow [11]. 

The encoder pathway consists of a series of down-sampling blocks, each composed of 

convolutional layers followed by max pooling operations. These blocks progressively reduce the 

dimension of the input MRI while increasing the depth of feature maps, enabling the extraction of 

hierarchical and multi-scale contextual information. This hierarchical feature extraction is critical 

for capturing both global and local anatomical details, which are essential for accurate cross-

modality mapping between MRI and CT domains. Each convolutional layer in the encoder is 

followed by batch normalization and a non-linear activation function to stabilize training and 

introduce non-linearity into the model. The decoder pathway mirrors the encoder and is 

composed of up-sampling blocks that restore the spatial resolution of the feature maps. These 

blocks utilize transposed convolutions to upsample the feature maps, gradually reconstructing the 
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spatial dimensions of the input image. To preserve fine-grained anatomical details, skip 

connections are employed to bridge corresponding layers in the encoder and decoder pathways. 

These skip connections transfer high-resolution feature maps from the encoder to the decoder, 

which ensures that detailed structural information such as edges and textures is still retained in 

the final sCT. At the core of the DRU architecture are the residual connections, which are 

integrated into both the encoder and decoder pathways. These connections add the input of a 

block to its output, creating shortcuts that enable the network to efficiently learn residual 

mappings. This design not only mitigates the degradation problem often encountered in deep 

networks but also improves the flow of gradients during backpropagation. The residual 

connections enable the model to focus on learning the differences between MRI and CT domains, 

rather than reconstructing the entire image from scratch. The final output block of the DRU 

consists of a convolutional layer followed by a linear activation function, which reconstructs the 

final sCT image. This output is optimized to match the HU distribution of real CT scans, ensuring 

that the generated sCT images are physically and dosimetrically accurate. 

 

 

Figure 2: Network structures of the proposed DRU 
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To achieve optimal performance, an extensive hyperparameter optimization process was 

conducted during the model training phase. Various combinations of hyperparameters were 

systematically evaluated, including different numbers of epochs (20, 100, 150, 200), batch sizes 

(4, 8, 16), and learning rates (0.01, 0.1, 0.5, 0.001). These combinations were tested to identify 

the configuration that maximized model accuracy and convergence efficiency. The optimal 

hyperparameter combination was determined to be 150 epochs, a batch size of 4, and a learning 

rate of 0.01, which consistently delivered the best balance between training stability and 

predictive accuracy.  

2.4 Immobilization Mask Deformation 

A head phantom CT volume with frameless thermoplastic mask was acquired, and a 

mask template image was generated by subtracting the head phantom from this volume. As 

shown in Figure 3(a), the template mask was initialized with anchor points marked in blue along 

key anatomical regions where the thermoplastic mask typically contacts the patient, including the 

lateral edges of the face, the nose tip, and the posterior-anterior neck region near the skull base. 

The remaining deformation field is then derived using spline interpolation and is modified for full 

3D implementation. Figure 3(c) demonstrates the resultant deformed mask, with red points 

identically positioned to those in the sCT (Figure 3.(b)). Subsequently, the frameless board 

portion was rigidly registered to the mask portion by aligning the spacer bars with the mask 

connection level (deformed mask + board) in Figure 3(d). To ensure proper alignment with the 

horizontal surface, slight adjustments were made to the spacer bars to accommodate head tilt if 

necessary. All deformation results were carefully reviewed by experienced medical physicists to 

ensure a proper and clinically reasonable fit. 
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Figure 3: An example of immobilization mask deformation process 

The template image (Figure 3(d)) was then divided into two components: 1) the 

thermoplastic mask portion that consists of an anterior face section and a posterior support 

section; and 2) the frameless board portion that includes the LINAC couch attachment board and 

two spacer bars (one on the left, one on the right) to hold the two mask sections together. The 

mask deformation process focused on adapting the thermoplastic mask portion to the derived 

sCT. We utilized an open-source image deformation program with a graphical user interface 

(GUI) to implement the proposed deformation process [24]. Developed in PyCharm, this program 

allows users to select paired anchor points in the target and source image volumes, which serve as 

fixed alignment references.  

2.5 Evaluation 

2.5.1 HU comparison in sCT 

To evaluate the sCT accuracy in terms of HU representation, four quantitative image 

similarity metrics were employed. Firstly, the peak signal-to-noise ratio (PSNR) was used to 

measure the overall image quality by quantifying the ratio between the maximum signal power 

and the corruption noise present in the sCT. PSNR is defined as: 

𝑃𝑆𝑁𝑅 = 10 × 𝑙𝑜𝑔10 (
𝑀𝐴𝑋𝐼

2

𝑀𝑆𝐸
) (1)

where MAXI represents the maximum possible pixel intensity value (e.g., 4096 for 12-bit CT 

images) and MSE is the mean squared error between the sCT (𝐼𝑠𝐶𝑇) and the reference CT (𝐼𝐶𝑇). 
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Higher PSNR values indicate greater fidelity of the sCT relative to the reference CT, as they 

reflect a lower level of noise and distortion in the generated image. This metric is particularly 

useful for assessing the overall quality of the sCT in terms of pixel intensity accuracy.  

Secondly, structural similarity index measure (SSIM) was calculated to assess the degree 

of structural preservation between the sCT and the reference CT, incorporating factors such as 

luminance, contrast, and structural details. SSIM is computed as: 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝐶1)(𝜎𝑥
2 + 𝜎𝑦

2 + 𝐶2)
(2) 

where 𝜇𝑥 and 𝜇𝑦 are the local means, 𝜎𝑥 and 𝜎𝑦 are the variances, 𝜎𝑥𝑦 is the covariance of the 

sCT and reference CT, and 𝐶1 and 𝐶2 are constants to stabilize the division. SSIM values range 

from -1 to 1, with a value closer to 1 indicating a higher degree of similarity between the two 

datasets. This metric is particularly effective for evaluating the preservation of anatomical 

structures and fine details in the sCT. 

Thirdly, the root mean square error (RMSE) was computed to quantify the standard 

deviation of the residual differences between the sCT and the reference CT. RMSE is defined as: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝐼𝑠𝐶𝑇(𝑖) − 𝐼𝐶𝑇(𝑖))

2
𝑁

𝑖=1

(3) 

where N is the total number of pixels, and 𝐼𝑠𝐶𝑇(𝑖) and 𝐼𝐶𝑇(𝑖) represent the pixel intensities of the 

sCT and reference CT respectively. Lower RMSE values signify better image agreement. RMSE 

is a widely used metric for assessing the accuracy of image synthesis tasks, as it provides a direct 

measure of the magnitude of errors. 

Lastly, mean absolute error (MAE) was derived to capture the absolute intensity 

differences between the two datasets, with lower values reflecting improved accuracy. MAE is 

defined as: 
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𝑀𝐴𝐸 =
1

𝑁
∑|𝐼𝑠𝐶𝑇(𝑖) − 𝐼𝐶𝑇(𝑖)|

𝑁

𝑖=1

(4) 

where N is the total number of pixels. Lower MAE values reflect improved accuracy, as they 

indicate smaller average deviations in pixel intensity between the sCT and the reference CT. 

Unlike RMSE, MAE is less sensitive to outliers, making it a robust metric for evaluating overall 

intensity accuracy.  

2.5.2 Dose calculation accuracy in sCTF 

The accuracy of the dose calculations between the original plan and sCT plan was first 

assessed by comparing the mean dose difference within the PTV. At our institution, a mean dose 

difference of less than 5% is considered acceptable during independent secondary dose 

calculation check. PTV mean dose difference check ensures that the sCTF does not introduce 

large dosimetric errors. In addition to the PTV mean dose comparison, gamma index evaluation 

was performed to quantify the spatial and dosimetric agreement between two plans [25]. We used 

a protocol with a 3% dose difference, 1 mm distance-to-agreement (DTA) tolerance, and a 15% 

dose threshold for gamma index analysis, consistent with our clinical implementation criteria. 

Clinically, a gamma passing rate of 90% within the BODY is considered acceptable. However, 

we do not enforce a gamma passing rate threshold within the PTV, as it is highly influenced by 

the potentially small PTV size.
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3. Results 

Figure 4 illustrates an example case of sCTF generation process and dose evaluation. The 

T1+c MR image (Figure 4(a)) shows cranial anatomy with more details. Figure 4(b) is the 

original CT scan, which serves as the ground truth. Figure 4(c) is the initial sCT generated from 

the MR data. This sCT closely resembles the original CT in terms of tissue contrast and structural 

details, but minor deviations can be observed in the skull-brain interface. The final image sCTF 

represents the refined synthetic CT after immobilization mask integration. The good agreement 

between sCTF and the reference CT suggests the effectiveness of immobilization mask 

deformation design, further enhancing the usability of the sCTF for SRS in a clinical setting. 

The second row of Figure 4 presents the dosimetric evaluation of sCTF. The first image 

displays the clinical dose distribution as the ground truth. The second image shows the simulated 

dose distribution, which is recalculated using the sCTF. The distribution closely resembles the 

ground truth, which indicates that the sCTF preserves the essential radiological properties required 

for accurate dose calculations. The final image in this row presents the gamma map. The gamma 

analysis demonstrates a high degree of concordance, as indicated by the predominance of green 

regions (γ≤1), which signifies an acceptable level of agreement within clinically established 

thresholds. A few isolated areas exhibit deviations represented by yellow to red pixels (γ> 1) 

suggesting localized discrepancies.  
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Figure 4: An example case of sCT and sCTF, including comparisons with original 

CT, dose distribution comparisons, and Gamma analysis 

3.1 HU comparison in sCT 

A quantitative evaluation of the sCT image quality within the test set is summarized in 

Table 1, where PSNR, SSIM, RMSE, and MAE were computed across different anatomical 

regions, including the whole body, bone, and brain tissues. The results indicate a strong 

agreement between the sCT and the reference CT, with particularly high accuracy in the brain 

region. The brain-specific analysis yielded a PSNR of 75.40 ± 3.58 dB and an SSIM of 0.99 ± 

0.002, demonstrating a high level of image fidelity and structural preservation. RMSE and MAE 

values for the brain were also the lowest among the three evaluated regions, at 11.88 ± 5.82 HU 

and 1.38 ± 0.81 HU, respectively, confirming that the model achieves precise HU estimations in 

both high-contrast and low-contrast structures. Comparatively, the bone region exhibited slightly 

lower PSNR and higher RMSE with values of 63.87 ± 2.36 dB and 34.99 ± 8.32 HU respectively, 

which reflects the inherent challenge of modeling high-density structures. The whole-body 

assessment is slightly lower than the localized tissue evaluations but still indicates a high overall 
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agreement across the entire anatomical structure. The decreasing trend in RMSE and MAE from 

the whole body to the brain highlights the improved accuracy of sCT generation in soft tissues, 

particularly in brain regions where precise HU estimations are critical for radiotherapy 

applications. 

Table 1: PSNR, SSIM, RMSE, and MAE results of sCT for BODY, bone, and brain 

 PSNR (dB) SSIM RMSE (HU) MAE (HU) 

BODY 59.39±2.13 0.98±0.005 57.68±10.24 10.20±2.37 

Bone 63.87±2.36 0.99±0.001 34.99±8.32 2.74±1.00 

Brain 75.40± 3.58 0.99±0.002 11.88± 5.82 1.38± 0.81 

 

3.2 Dose calculation accuracy in sCTF 

Quantitative dosimetric evaluation demonstrated the gamma index passing rate of all 19 

test patients was found to be 95.77 ± 4.17% for the whole-body region and 84.36 ± 14.95% 

within the PTVs. The high gamma passing rate for the whole body suggests that the sCT is well-

suited for overall dose calculation, while the slightly lower agreement within PTVs reflects the 

greater sensitivity of high-dose gradient regions to small variations in HU estimation and 

anatomical alignment. Despite these minor discrepancies, the mean dose difference within PTVs 

remained within an acceptable range, averaging -2.32 ± 1.48%. Most observed differences were 

below -1.0%, indicating that deviations in dose calculation were minimal and unlikely to affect 

clinical treatment outcomes. Further analysis revealed that the largest PTV dose difference was -

4.84%, corresponding to a reduced PTV mean dose in the simulated dose distribution. This 

discrepancy primarily occurred in very small targets, which exhibited lower gamma passing rates 

compared to larger PTVs. It is expected that smaller PTVs are more sensitive to minor anatomical 

shifts and HU variations, which can result in amplified dose calculation differences. However, 

even in the most extreme case, the observed dose difference remained within the secondary 

clinical evaluation threshold, which allows up to a 5% deviation in PTV mean dose for multi-

target SRS plans.  
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4. Discussion 

In this study, a novel DRU that effectively generates sCT images from a single MR 

volume for streamlining frameless SRS workflow was developed. It offers a practical alternative 

to conventional CT simulation with learnt MR-to-CT image contrast change. The first major 

innovation in this study is the development of the DRU, which incorporates a template CT image 

from the Visible Human Project to enhance CT-specific anatomical details. Prior work in sCT 

generation has primarily relied on end-to-end deep learning models trained on paired MRI-CT 

datasets [9]. However, most existing methods rely on multi-modal inputs or specialized MRI 

sequences, which may not be readily available in clinical settings [26]. This study uniquely 

focuses on leveraging a single diagnostic MR volume to generate sCT, addressing a critical gap in 

the literature by providing a practical and widely applicable solution. While multi-modal 

approaches have demonstrated high accuracy, the integration of prior anatomical knowledge in 

our design enhances single-modality MR-based sCT generation. To this end, the DRU 

incorporates a template CT image refining sCT predictions and improving overall accuracy [27]. 

Our results suggest that high-resolution T1+C MR imaging alone is sufficient for accurate sCT 

generation when combined with the average anatomy. Prior studies have also explored various 

deep learning architectures for sCT generation. For instance, a cycle-GAN-based approach for 

multi-sequence MR-to-CT synthesis achieved an SSIM of 0.97 and RMSE of approximately 18 

HU [28]. Similarly, a hybrid U-Net and GAN model for multi-sequence MRI-based sCT 

generation reported mean HU differences of 12 - 15 HU [29]. The performance of our model, 

which relies solely on a single MR sequence, surpasses these prior methods in PSNR (75.40 dB 

vs. 68 - 72 dB) and SSIM (0.99 vs. 0.97 - 0.98). These results support the incorporation of 

anatomical knowledge from the Visible Human Project to further enhance anatomical detail 

preservation and reduce HU estimation errors. Additionally, voxel-based and atlas-based 

approaches have reported lower gamma index passing rates (85%) compared to the 95.77 ± 
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4.17% achieved in our study [30], further supporting the advantages of deep learning-based 

feature extraction over simple registration-based techniques. 

The second innovation is the incorporation of immobilization mask deformation, which 

enhances the accuracy of sCT-based dose calculations by more accurately reflecting real-world 

SRS delivery conditions. Traditional sCT generation methods often overlook the physical effects 

of immobilization masks, which can introduce dose discrepancies and compromise treatment 

accuracy. Previous studies have primarily focused on improving sCT accuracy for soft tissue and 

bone delineation but have not explicitly considered the attenuation effects of immobilization 

devices [10]. However, the immobilization devices could introduce dose perturbations of up to 

5% in certain clinical scenarios, underscoring the need for their inclusion in treatment planning 

models [31]. In this work, we explicitly account for mask-related attenuation within the sCT 

framework, providing a more realistic representation of treatment conditions. By incorporating 

this factor, our approach enhances the accuracy of dose calculations and aligns with the broader 

effort to refine sCT methodologies for high-precision radiotherapy applications. Furthermore, our 

methodology builds on the work that highlighted the importance of accurate material 

characterization in sCT generation, particularly for non-tissue elements such as immobilization 

devices [32]. This is critical as the field moves toward increasingly personalized and precision-

based treatment paradigms, where even small improvements in dose accuracy can translate into 

better clinical outcomes. 

The effectiveness of this sCTF generation was further validated through dosimetric 

analysis. VMAT plans were recalculated on sCTF volumes and compared to clinical treatment 

plans. The mean PTV dose difference of -2.32 ± 1.48% is consistent with prior studies, such as 

those using a GAN-based method, which reported an average dose difference of -3.0% [33] and -

2.1% in a pelvis-specific cycleGAN approach [34]. Hybrid methods combining MRI and 

deformable image registration (DIR) showed larger deviations (-3.5%) [35], underscoring the 
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relative robustness of our approach. The largest deviation (around 4.84%) in our study remains 

within the clinically acceptable 5% tolerance and compares favorably to outliers reported in other 

works. One notable observation is that dose discrepancies were more pronounced in smaller 

PTVs, a trend also observed in earlier work. For instance, in prostate radiotherapy, studies have 

reported gamma passing rates dropping to 85% (2%/2mm) for small PTVs (<10 cm³) due to HU 

inaccuracies near tissue interfaces, with localized dose deviations up to 5% [36]. Similarly, 

gamma rates as low as 82% were observed for brain SRS targets <5 cm³, attributed to 

misrepresented dose gradients in sCTs [37]. These findings align with our results, where gamma 

passing rates within PTVs were 84.36% reflecting the inherent challenge of small-field dosimetry 

in sCT workflows. Despite these deviations, our overall gamma passing rate of 95.77% for the 

entire volume is comparable to state-of-the-art results, such as 96.5% global gamma rates 

reported for head and neck sCT [7]. This consistency confirms that our model produces 

dosimetrically robust sCT images suitable for clinical use.  

Certain limitations should also be acknowledged to guide future improvement. To begin 

with, the current study was conducted on a specific patient cohort undergoing frameless SRS, 

with a training dataset predominantly composed of patients with brain metastases. While our 

model demonstrated strong performance within this context, its generalizability to other 

radiotherapy scenarios such as fractionated radiotherapy for primary brain tumors remains 

uncertain. It is essential to further expand the training dataset to include diverse patient 

populations and anatomical regions as well as conduct multi-institutional validation studies. As a 

result, the applicability and scope of the model will be extensive [8, 38]. Next, the proposed 

workflow assumes an idealized clinical environment with high-quality MRI acquisitions and 

well-controlled registration processes. In real-world settings, factors such as patient motion, MR 

scanner variability, and differences in MRI acquisition protocols may introduce variability in sCT 

generation and subsequent dose calculations. It is critical to investigate how variations of 



 

17 

technical parameters of the same MR modality and variations of patient condition during MR 

acquisition affect sCT results across diverse clinical environments [33, 39]. Collaboration among 

institutions to establish best practices and guidelines will be beneficial to the successful 

implementation of this technology. 
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5. Conclusion 

The application of a knowledge-based deep learning model for sCT generation from an 

MR volume has demonstrated its effectiveness in streamlining SRS workflows by eliminating the 

dependency on the CT simulation. The model's adaptability and integration into clinical 

workflows highlight its potential use for broader applications in radiation oncology, paving the 

way for more efficient and patient-centric treatment approaches. 
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