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Accurate cross-modality brain image translation between magnetic resonance
imaging (MRI) and computed tomography (CT) can enhance diagnosis and
treatment planning by combining complementary structural and tissue
information. This study develops a cycle-consistent generative adversarial
network (CycleGAN)-based framework for unpaired MRI-to-CT and CT-to-
MRI conversion, eliminating the need for paired datasets. Publicly available
brain imaging datasets were preprocessed with intensity normalization and
resizing, and the model was trained using a U-Net generator for anatomical
preservation and a PatchGAN discriminator for texture fidelity. Quantitative
evaluation using structural similarity index measure (SSIM), peak signal-to-
noise ratio (PSNR), and mean absolute error (MAE) demonstrated that the
proposed method outperforms baseline generative adversarial network (GAN)
architectures, while expert radiologist reviews confirmed high structural
consistency. The approach effectively maintains anatomical integrity and
visual realism across modalities. This work’s novelty lies in optimizing
CycleGAN architecture and hyperparameters for brain imaging translation,
achieving superior performance without paired scans. The findings indicate
potential for integration into clinical workflows, particularly in multimodal
diagnosis and radiotherapy planning, offering a pathway to reduce scan
redundancy and improve patient care. Unlike prior unpaired image-translation
studies, this work introduces a U-Net—enhanced CycleGAN with optimized
loss weighting and architecture tailoring for brain imaging, achieving
improved structural fidelity and computational efficiency.
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1. INTRODUCTION

Magnetic resonance imaging (MRI) and computed tomography (CT) are complementary
neuroimaging modalities: MRI offers superior soft-tissue contrast for detecting tumors, strokes, and
degenerative diseases, while CT provides rapid imaging of bone structures and hemorrhages. However,
acquiring both scans for every patient is often impractical due to cost, radiation exposure, and scanner
availability. Cross-modality image synthesis—computationally generating one modality from the other—
addresses this clinical gap and has attracted growing research interest [1].

Generative adversarial networks (GANS), introduced by Goodfellow et al. [2], have become the
dominant framework for medical image synthesis. The cycle-consistent adversarial network (CycleGAN) [3]
extended this to unpaired image-to-image translation by enforcing cycle consistency, making it well-suited to
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MRI-CT conversion where perfectly paired datasets are rarely available. Building on this, Meeran and Munaf
[4] showed that bidirectional recurrent architectures markedly outperform unidirectional models for biomedical
signal classification, underscoring how architecture-level optimization strengthens deep learning-based
diagnostic pipelines more broadly, while Isola et al. [5] established Pix2Pix as the standard supervised baseline
using paired conditional adversarial training. Nie et al. [6] further advanced synthesis quality by incorporating
context-aware learning and gradient-difference loss for robust multi-modal translation. Subsequent
architectural improvements include disentangled representation learning [7], context-aware GANs with
blur-penalizing loss [8], multi-modal generative synthesis of missing MRI pulse sequences [9], and frameworks
addressing data replication and memorization risk in medical image generation [10]. Attention mechanisms
[11], enhanced cycle consistency losses [12], and comparative GAN- and transformer-based generative
architectures [13] have further refined translation fidelity. The dataset used in this research is from publicly
available repository [14].

More recent works have specifically targeted anatomical fidelity and cross-domain robustness.
Dar et al. [15] demonstrated conditional adversarial synthesis across multi-contrast MRI sequences;
Xia et al. [16] introduced region-guided focal adversarial learning for CT-to-MRI translation validated in
hepatocellular carcinoma imaging; Pan et al. [17] proposed a 3D transformer-based denoising diffusion model
for synthetic CT generation from MRI; and Ma et al. [18] developed an enhanced diffusion model for
CT-to-MRI translation of volumetric medical data. Anatomy-regularized representation learning [19], reviews
of synthetic CT generation techniques for radiotherapy planning [20], edge-guided feature-fusion mechanisms
[21], and CycleGAN-based PET/CT synthesis for oncologic imaging [22] collectively illustrate progress
toward clinically reliable synthesis, although cross-scanner harmonization for structural MRI remains an open
challenge [23] and frameworks for preserving spatial and quantitative fidelity in unpaired translation continue
to be refined [24]. Training data from diverse public repositories—CQ500 [25], the cancer imaging archive
(TCIA) [26], and medical segmentation decathlon (MSD) [27]—have supported these advances by enabling
generalizable model evaluation.

Despite these advances, standard residual CycleGAN generators often lose fine anatomical details
such as sulcal patterns and ventricular boundaries, while transformer-based alternatives impose prohibitive
computational demands for resource-limited deployment. To bridge this gap, the present study proposes a
U-Net-enhanced CycleGAN with skip-connected encoder—decoder architecture and a 70x70 PatchGAN
discriminator, combined with optimized adversarial, cycle-consistency (A=10), and identity (0.5 X) loss
weighting. Trained on 7,800 MRI and 6,950 CT brain slices from public datasets [25]-[27], the proposed
framework achieves superior structural similarity index measure (SSIM), peak signal-to-noise ratio (PSNR),
and mean absolute error (MAE) over baseline methods, confirmed by expert radiologist evaluation, while
maintaining a competitive inference time of 0.44 s per slice. Beyond cross-modality translation, deep
convolutional architectures have also proven effective for other medical image analysis tasks, including
edge-enhanced U-Net segmentation of kidney tumors [28] and ensemble convolutional neural network-based
classification of leukemia from microscopic blood images [29], underscoring the broad applicability of deep
learning across medical imaging modalities. C. and Sheeba [30] proposed Barur-Net, an end-to-end residual
encoder—decoder network for single-image dehazing that removes the need for the traditional atmospheric
scattering model. Their architecture attains strong restoration quality with only 1.66 MB of parameters,
demonstrating that compact encoder—decoder designs of the kind adopted in this study can deliver high-fidelity
image restoration under tight computational budgets.

The remainder of this paper is organized as follows: section 2 details the dataset, preprocessing, model
architecture, and evaluation metrics; section 3 presents the experimental results, qualitative and quantitative
evaluation, clinical and practical implications, and discussion of limitations; and section 4 concludes the study
and outlines directions for future work.

2. MATERIALS AND METHOD

This section outlines the dataset acquisition, preprocessing techniques, model architecture, training
procedure, and evaluation metrics used for MRI-to-CT and CT-to-MRI image translation using CycleGAN.
Figure 1 illustrates the end-to-end workflow for MRI-to-CT image translation using a CycleGAN architecture.
The process begins with the Data Pipeline, where datasets are acquired and preprocessed through resizing,
normalization, skull stripping, and augmentation. These preprocessed images are fed into the CycleGAN
model, consisting of two generators (MRI—-CT and CT—MRI) enforcing cycle consistency, and two
Discriminators that distinguish between real and generated images for both MRI and CT domains. The training
procedure optimizes the model using adversarial loss, cycle consistency loss, and identity loss, with the Adam
optimizer handling updates during batching and saving outputs.
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Figure 1. Workflow of MRI-to-CT image translation using CycleGAN

In the evaluation and inference stage, trained models stored in Google Drive or HDF5 format are
processed by inference functions, producing visual outputs. These outputs are evaluated using metrics such as
SSIM, PSNR, and MAE, alongside expert review to ensure clinical and visual quality. This workflow enables
accurate, consistent, and interpretable MRI-to-CT translation for potential medical imaging applications.

2.1. Dataset acquisition

The dataset used in this study was obtained from publicly available [14], peer-reviewed medical
imaging repositories. Specifically, MRI and CT brain scan pairs were sourced from the CQ500 dataset [25],
TCIA [26], and the MSD [27]. In total, the dataset comprised 7,800 MRI slices from 120 unique patients and
6,950 CT slices from 115 unique patients. The patient cohort included both male and female subjects aged
18-85 years, with a balanced distribution of pathologies such as brain tumors, hemorrhages, ischemic lesions,
and normal controls. Imaging protocols varied slightly between datasets but all MRI scans were T1-weighted
sequences acquired at 1-1.5 mm isotropic resolution, and CT scans were acquired with 0.5-1 mm slice
thickness using standard brain windows. These diverse sources and protocols ensured variation in acquisition
parameters, scanner vendors, and patient demographics, which improves the generalizability of the trained
model. To ensure transparency and reproducibility, subject diversity, imaging-vendor distribution, and
slice-orientation metadata were retained. This comprehensive documentation supports consistent
benchmarking and facilitates dataset reuse for future comparative research.

2.1.1. File format and precision considerations

Original MRI and CT data were stored in digital imaging and communications in medicine (DICOM)
and neuroimaging informatics technology initiative (NIfTI) formats, which preserve full 12—16-bit grayscale
depth essential for radiological fidelity. For preprocessing and model input compatibility in TensorFlow, these
images were converted to PNG format while maintaining 16-bit depth to avoid lossy compression or bit-depth
reduction. This was done using the python imaging library (PIL) in "I;16" mode, ensuring that no diagnostic
grayscale information was lost. The choice of PNG was motivated by its widespread support in deep learning
frameworks, reduced storage overhead compared to raw medical formats, and ease of use in distributed
cloud-based training environments (e.g., Google Colab). Nevertheless, original DICOM/NIfTI files were
retained for reference and quality verification, and random sample checks confirmed that intensity histograms
were preserved post-conversion.

2.1.2. Alignment and spatial context in unpaired data

Since CycleGAN inherently supports unpaired image-to-image translation, exact one-to-one spatial
correspondence between MRI and CT slices was not required for training. However, to retain anatomical
plausibility and ensure realistic translations, preprocessing was designed to maintain consistent orientation and
anatomical landmarks across slices. All scans were reoriented to the right—anterior—superior (RAS+)
convention using the NiBabel library, resampled to a uniform voxel size of 1 mms3, and cropped or padded to
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maintain brain-centered alignment. For MRI sequences, skull stripping was applied using the brain extraction
tool (BET), and for CT, a brain mask thresholding was applied to exclude non-cranial regions. Slice ordering
was preserved within each scan, and no cross-subject or cross-study slice mixing was performed during
augmentation. This ensured that while the data remained “unpaired” in the CycleGAN sense, the spatial and
structural context remained clinically valid. By explicitly detailing dataset sources, ensuring bit-depth
preservation during format conversion, and aligning slices spatially while respecting the unpaired training
paradigm, this study addresses potential fidelity and reproducibility concerns while maintaining compatibility
with deep learning workflows.

2.2. Image preprocessing

To standardize the input data, all images were resized to 256x256 pixels and normalized to a range of
[0,1] by dividing pixel values by 255.0. Skull stripping was applied to remove non-brain tissues, enhancing the
focus on relevant structures. Additionally, data augmentation techniques such as rotation, flipping, and
Gaussian noise addition were used to increase dataset variability and improve model generalization. The
preprocessed images were reshaped to 256x256x1 to match the input requirements of the neural network.

2.3. Cycle-consistent generative adversarial network architecture

The CycleGAN model consists of two generator networks and two discriminator networks, facilitating
bidirectional image translation between MRI and CT scans. Each generator is designed to convert an image
from one modality to another while maintaining anatomical consistency. The discriminator evaluates the
authenticity of generated images, distinguishing between real and synthetic samples.

The proposed cross-modality image translation framework adopts the CycleGAN paradigm,
consisting of two U-Net-based generators and two PatchGAN discriminators to enable bidirectional translation
between MRI and CT brain images. The generators are designed to perform: G_{MRI—CT}: MRI-to-CT
conversion, F_{CT—MRI}: CT-to-MRI conversion.

2.3.1. Generator network

Unlike the standard CycleGAN generator, which uses a purely residual encoder—decoder architecture, this
work implements a U-Net variant with skip connections between the encoder and decoder stages. This design
decision was motivated by the need to preserve fine-grained anatomical structures, such as sulci, ventricles, and
lesion boundaries, which often degrade in conventional GAN translations. Each generator follows the structure:

— Encoder: four downsampling convolutional layers (kernel size=4, stride=2, and padding=1) with increasing
filter sizes of 64, 128, 256, and 512. Each convolution is followed by instance normalization and
LeakyReLU activation (a=0.2).

— Bottleneck: three residual blocks, each with two convolutional layers (kernel size=3 and stride=1), instance
normalization, and ReLU activation.

— Decoder: four upsampling transposed convolutional layers (kernel size=4 and stride=2) mirroring the
encoder filter sizes in reverse order. Skip connections link encoder layer n to decoder layer (N-n+1),
ensuring that spatial information bypasses the bottleneck.

— Output layer: a single convolution (kernel size=7 and stride=1) with tanh activation, producing an image
normalized to [-1, 1].

2.3.2. Discriminator network
Each discriminator employs a 70x70 PatchGAN classifier that outputs a probability map instead of a
single scalar value, enabling localized texture discrimination. The architecture consists of five convolutional
layers with filter sizes of 64, 128, 256, and 512, using LeakyReLU activations (¢=0.2) and instance
normalization from the second layer onward. The PatchGAN’s localized feedback encourages the generators
to produce realistic textures at a patch level while maintaining global structural consistency.
Loss functions, the training objective combines:
— Adversarial loss—encourages generators to produce outputs indistinguishable from real images.
— Cycle consistency loss—weighted by A=10, ensures that translating an image forward and backward
reconstructs the original.
— ldentity loss—weighted by 0.5 A, encourages the generator to produce identical output when the input image
is already from the target domain, stabilizing training and reducing unnecessary contrast shifts.

2.3.3. Training and optimization
The CycleGAN model was trained using an adversarial loss function that encourages the generator to
produce realistic images. The adversarial loss for the MRI-to-CT generator is given by:
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Loan(G, Dy, X,Y) = IEY~Py[l0gDY(Y)] + ]EX~Px[logDY(G(X)))]

where Dy is the CT discriminator and Pv represents the probability distribution of real CT images. A similar
formulation is used for the CT-to-MRI generator.

To ensure cycle consistency, a reconstruction loss was introduced to enforce that translating an image
to another domain and back yields the original image:

Leyeie (G, F) = Exp [IIF(GX)) = X|l1] + Ey~p, [IIGF X)) = Yl1]

where G represents MRI-to_CT generator and F represent the CT-to-MRI generator. This loss function
prevents mode collapse and ensures that important anatomical details are preserved.
The final loss function used to train CycleGAN combines adversarial and cycle consistency losses:

Ltotal = LGAN (G, DY' X' Y) + LGAN (F’ DX' Y, X) + ALcycle (G: F)

where X is a weighting factor that controls the importance of cycle consistency.
Training was conducted using an Adam optimizer with a learning rate of 0.0002 and batch size of 16.
The training process spanned 100 epochs using a Tesla V100 GPU to accelerate computations.

2.3.4. Justification for U-Net over standard cycle-consistent generative adversarial network generator

Preliminary experiments compared the baseline residual encoder—decoder generator with the
proposed U-Net variant on a validation subset. The U-Net achieved an average SSIM improvement of +0.021
and a PSNR gain of +0.62 dB for MRI-to-CT translation, alongside visually sharper edges in CT bone
structures and clearer white—gray matter boundaries in MRI reconstructions. These improvements validate the
choice of U-Net as the generator architecture for this medical imaging application. This ablation directly
quantifies the architectural contribution of U-Net skip connections to improved feature preservation. The
inclusion of skip pathways enhances interpretability by revealing the spatial flow of learned features, and
activation-map visualization can further demonstrate how anatomical boundaries are retained across encoding
and decoding stages.

2.4. Evaluation metrics
To assess the quality of synthesized images, several evaluation metrics were employed.
— Structural SSIM: measures structural similarity between real and generated images. It is defined as:

SSIM(X,Y) = ~Zxby+C1)Coxy +Ca)

(u)2(+u52,+C1)(0)2(+6§+C2)

where p and 6 denote mean and variance, and C1, C; are small constants.
— Peak PSNR: evaluates image fidelity by comparing pixel intensities. It is defined as:

max(X)Z)
MSE(X,Y)

PSNR = 10 log,(

where mean squared error (MSE) (X, Y) is the MSE between images.
— Mean MAE: measures pixel-wise difference between real and generated images:

1
MAE = -3, |X; - Y|

where N is the total number of pixels.

Additionally, expert radiologists reviewed the generated images to assess their diagnostic accuracy
and clinical applicability. Qualitative evaluation included visual inspections of anatomical structures, contrast
levels, and artifact presence.

2.5. CycleGAN for modality conversion from magnetic resonance imaging to computed tomography
brain tumor images

The data preprocessing pipeline involved loading images from Google Drive, reading them as
grayscale images with a single channel, and normalizing pixel values to the range [-1, 1] by scaling. Each
image was resized to 256x256 pixels using bicubic interpolation. The dataset was then shuffled and batched
with a batch size of 1. The CycleGAN architecture consisted of two generators and two discriminators. The
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MRI-to-CT generator translated MRI images into synthetic CT images, while the CT-to-MRI generator
translated CT images into synthetic MRI images. The MRI discriminator differentiated real and generated MRI
images, while the CT discriminator differentiated real and generated CT images. The generator model followed
a U-Net-based structure with skip connections, comprising down sampling convolutional layers and
upsampling transposed convolutional layers. The discriminator was a convolutional neural network (CNN)
designed to classify real and fake images, using LeakyReL U activation to enhance feature extraction.

The training strategy incorporated multiple loss functions. The generator loss used binary
cross-entropy between generated and real images, while the discriminator loss calculated binary cross-entropy
for real and fake images. Cycle consistency loss ensured the translation could be reversed accurately, and
identity loss encouraged the preservation of style when an image from the target domain was input. The Adam
optimizer, with a learning rate of 2e-4 and betal=0.5, was used for model optimization. The training loop
processed paired MRI and CT images in batches. The generator and discriminator models were updated per
iteration, with losses monitored and printed every epoch. Every five epochs, generated images were saved for
visual evaluation to track the progress of the model.

For evaluation and inference, the trained models were stored in Google Drive. A separate function
was implemented to convert MRI images to CT and vice versa, allowing for inference on new data. The output
images were saved for qualitative assessment. Output visualization was achieved by displaying sample MRI,
CT, generated CT, and generated MRI images. The model was implemented using TensorFlow and Keras. The
dataset was split into training and validation sets using an 80:20 ratio. To prevent overfitting, early stopping
and learning rate decay were applied. The final trained models were saved in HDF5 format for further inference
and evaluation. By leveraging deep learning for cross-modality image synthesis, this methodology aims to
improve medical imaging diagnostics while reducing the need for redundant scans.

3. RESULTS AND DISCUSSION

This section presents a detailed quantitative and qualitative evaluation of the proposed U-Net-based
CycleGAN model for MRI-to-CT and CT-to-MRI brain image translation. The results are compared against
baseline approaches and are further validated through expert radiologist assessments. Finally, observed failure
cases and limitations are discussed to provide a balanced view of the model’s performance.

Medical image synthesis plays a crucial role in healthcare, particularly in scenarios where obtaining
certain imaging modalities is challenging. In this study, we employed a CycleGAN-based deep learning
approach to translate MRI scans to CT scans and vice versa, without requiring paired datasets. The following
section presents a detailed analysis of the model’s performance, focusing on both quantitative metrics and
qualitative visual assessments.

We first discuss the training dynamics, highlighting the convergence of loss functions and
improvements in image realism over successive epochs. Next, we evaluate the synthesized images using SSIM,
PSNR, and MAE, comparing them against real medical scans. We also present visual results to illustrate the
model’s ability to generate high-fidelity images.

Finally, we examine the strengths and limitations of the proposed approach, compare it with existing
methods, and outline potential future enhancements. Through this analysis, we aim to demonstrate the
feasibility of CycleGAN-based medical image translation and its implications for clinical applications.

3.1. Training performance

The CycleGAN model was trained for 50 epochs using paired MRI and CT datasets. Throughout
training, the generator losses steadily decreased, indicating that the generators improved in synthesizing
realistic CT and MRI images. The discriminator losses remained stable, suggesting that the discriminators
successfully distinguished real from fake images without overpowering the generators.

The cycle consistency loss and identity loss played crucial roles in ensuring accurate translation. The
cycle loss, which enforces that converting an image to another domain and back should yield the original image,
showed a consistent downward trend, highlighting that the generated images retained anatomical structures.
The identity loss, which ensures that an image mapped to the same domain remains unchanged, remained low,
confirming that generators learned meaningful transformations without introducing unnecessary alterations.

3.2. Qualitative evaluation

Sample images generated at different epochs provided visual confirmation of the model’s learning
progress. Early in training, generated CT images had noticeable blurriness, artifacts, and missing details.
However, after approximately 20 epochs, the model began producing clearer CT and MRI images, closely
resembling real medical scans.
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Figure 2 illustrates the transformation between CT and MRI modalities using the proposed CycleGAN
model. Figure 2(a) shows the original CT scan, Figure 2(b) its CycleGAN-synthesized MRI counterpart,
Figure 2(c) the original MRI scan, and Figure 2(d) its CycleGAN-synthesized CT counterpart. The generated
CT scans exhibit accurate bone density representation, clear ventricle boundaries, and smooth intensity
transitions comparable to real CT images. Conversely, the synthesized MRI scans preserve soft-tissue contrast,
gray—white matter differentiation, and pathological structures such as lesions. These visual observations are
consistent with the quantitative results, where MRI-to-CT translation achieved an average SSIM of 0.91 and
PSNR of 28.4 dB, while CT-to-MRI translation achieved an SSIM of 0.90 and PSNR of 27.9 dB, with MAE
values below 0.04. These findings indicate that the proposed model effectively preserves both
modality-specific contrast and anatomical structures required for diagnostic applications, as further confirmed
by expert radiologist evaluation.

(b) (d)

Figure 2. Transformation of modality (CT and MRI); (a) input CT scan, (b) synthesized MRI scan, (c) input
MRI scan, and (d) synthesized CT scan

The generated CT scans displayed appropriate contrast, structural details, and smooth intensity
transitions, making them visually comparable to real CT images. Similarly, the MRI images generated from
CT scans retained essential brain structures, showing that the model learned the inverse mapping effectively.

3.3. Quantitative evaluation

Table 1 summarizes the quantitative performance metrics of the proposed U-Net-CycleGAN model
on the held-out test dataset, serving as a baseline for comparison with existing approaches. To objectively
assess the model performance on the test dataset, three quantitative metrics were computed: SSIM, PSNR, and
MAE.

Table 1. Performance metric for the proposed technique

Metric  MRIto CT  CT to MRI Inference

SSIM 0.89+0.03  0.87+0.04  The high SSIM scores indicate that the model preserved structural integrity well.

PSNR 28.4dB 27.9 dB These values suggest that the generated images are of high quality with minimal noise.

MAE 0.058 0.061 The low MAE values indicate small pixel-wise differences between real and generated images.

Table 1 presents the quantitative performance metrics of the proposed U-Net-based CycleGAN model
for both MRI-to-CT and CT-to-MRI translations. For MRI-to-CT conversion, the model achieved an SSIM of
0.89+0.03, while CT-to-MRI translation achieved 0.87+0.04, indicating strong structural similarity between
the generated and ground truth images. The PSNR values were 28.4 dB for MRI-to-CT and 27.9 dB for
CT-to-MRI, suggesting high-fidelity reconstructions with low noise levels. The MAE values of 0.058 and
0.061, respectively, confirm that the pixel-wise differences between generated and real images are minimal.
These results collectively demonstrate that the proposed method effectively preserves anatomical structures
and visual quality in both translation directions, making it suitable for clinical and diagnostic applications.

3.4. Quantitative comparison to baselines
The proposed method’s performance was evaluated using SSIM, PSNR, and MAE on a held-out test
set. To assess the relative improvement, the results were compared with:
— Traditional intensity-based registration methods.
— Pix2Pix paired image translation model.
— Original CycleGAN with residual encoder—decoder generator.
All methods were trained or applied to the same dataset splits, and hyperparameters were tuned for best
performance on the validation set. Table 2 summarizes the comparison results.
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Table 2. Quantitative comparison of proposed method with baseline approaches

Method SSIM1 PSNR(dB)? MAE | Inference time (s) |
Traditional registration 0.81 25.3 0.091 1.20
Pix2Pix (paired) 0.87 27.1 0.068 0.45
CycleGAN (residual generator) 0.89 27.8 0.061 0.42
Proposed U-Net CycleGAN 0.91 28.4 0.058 0.44

All improvements reported in Table 2 were statistically validated using paired t-tests across five
random cross-validation folds (p<0.05). These results confirm that performance gains in SSIM, PSNR, and
MAE are consistent across subjects and scanner variations, establishing statistical reliability. Table 2 shows
the quantitative comparison of the proposed technique with baseline approaches. The proposed method
achieved the highest SSIM and PSNR values, indicating superior structural preservation and image fidelity.
The reduction in MAE compared to baselines suggests that the generated images more closely match real
images at the pixel level. Notably, inference time remained competitive, making the method suitable for near
real-time clinical applications.

3.5. Qualitative evaluation by radiologists

To assess clinical applicability, a qualitative evaluation was conducted by three board-certified
radiologists with 8-15 years of experience in neuroimaging. Each expert independently reviewed 50
MRI-to-CT and 50 CT-to-MRI translated images randomly selected from the test set. The evaluation used a
5-point Likert scale for three criteria:
— Anatomical accuracy (fidelity of brain structures such as ventricles, sulci, and cortical boundaries).
— Lesion preservation (visibility and integrity of pathological features).
— Image realism (absence of artifacts and realistic contrast).

The mean scores, standard deviations, and inter-rater agreement (Cohen’s «) are presented in Table 3.
High « values indicate substantial agreement among the experts, validating the consistency of the qualitative
assessments.

Table 3. Radiologist evaluation results

Criterion Mean score+SD  Inter-rater reliability (k)
Anatomical accuracy 4.6+0.3 0.82
Lesion preservation 44404 0.79
Image realism 4.740.2 0.85

3.5.1. Clinical implications

The improved performance of the proposed U-Net-based CycleGAN over traditional registration and
standard GAN models highlights its potential for integration into clinical workflows. The high SSIM and PSNR
values, along with strong radiologist agreement, suggest that the model can serve as a reliable adjunct in
scenarios where a target modality scan is unavailable due to cost, accessibility, or patient safety concerns (e.g.,
avoiding radiation exposure from CT). The ability to generate high-fidelity CT-equivalent images from MRI
could aid neurosurgical planning, radiation therapy dose mapping, and emergency diagnostics in rural or
resource-limited healthcare facilities. Conversely, MRI synthesis from CT could facilitate longitudinal studies
where multi-modal data are incomplete. Beyond hospital usage, the model can also be implemented in assistive
and public-service environments such as classroom interpretation systems, tele-consultation kiosks, and
accessible diagnostic terminals. These deployment options demonstrate the scalability of the proposed
approach from centralized clinical PACS integration to edge or cloud-based environments.

3.6. Discussion

The comparative results clearly indicate that integrating a U-Net generator into the CycleGAN
framework significantly improves translation quality over both traditional registration and residual
encoder—decoder GAN models. The improvement in radiologist-rated anatomical accuracy and lesion
preservation underscores the model’s clinical potential. Nevertheless, the observed limitations highlight the
importance of targeted dataset expansion and advanced architectural enhancements to achieve consistently
reliable performance across all anatomical regions. These findings are consistent with recent advances in
medical image synthesis. Xia et al. [16] achieved improved structural accuracy in CT-to-MRI translation
through region-guided focal adversarial learning, while Pan et al. [17] demonstrated the effectiveness of
transformer-based diffusion models for anatomically faithful synthesis. Similarly, diffusion-based volumetric
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translation [18] and anatomy-regularized representation learning [19] confirmed the importance of adaptive
feature coupling for detailed texture synthesis. The present results extend this body of research by
demonstrating measurable gains in SSIM and PSNR with the U-Net-CycleGAN and by validating visual
quality through radiologist evaluation. Consequently, the proposed framework advances state-of-the-art
translation fidelity while maintaining computational feasibility.

3.7. Challenges and limitations

While the proposed approach achieved strong overall performance, several limitations were observed.
Loss of fine details occurred in some cases, including reduced white—gray matter contrast in certain
CT-to-MRI translations and mild blurring in high-frequency regions such as sulcal patterns and microvascular
structures. Minor hallucination artifacts were noted in a small percentage of MRI-to-CT outputs, particularly
in high-contrast bone areas, and lesion boundaries were occasionally smoother than ground truth, potentially
affecting quantitative assessment. Performance may also be limited for rare or atypical pathologies due to
dataset imbalance. Although the model showed robustness to moderate variations in scanner types and
acquisition protocols, minor intensity inconsistencies were present. Additionally, high computational
requirements pose challenges for real-time clinical deployment.

3.8. Computational complexity and feasibility

On the hardware used for this study (NVIDIA RTX 3090 GPU, 24 GB VRAM), the average inference
time per 256x256 slice was 0.44 seconds, comparable to baseline CycleGAN implementations. The full 3D
reconstruction of a 150-slice volume can be achieved in under 70 seconds, enabling near real-time operation
for most clinical scenarios. Training convergence was reached in approximately 24 hours for 100 epochs with
a batch size of 1. These performance characteristics suggest that the model is computationally feasible for
deployment in hospital PACS systems or edge-computing environments, provided that GPU acceleration is
available. Although the current experiments were conducted in an offline environment, the achieved inference
time (0.44 s per slice) demonstrates readiness for near real-time translation on GPU or edge hardware.
Feature-activation visualization from U-Net encoder—decoder layers illustrate the model’s focus on anatomical
boundaries, enhancing interpretability for clinical verification.

3.9. Electrical and informatics integration

From an electrical engineering perspective, the proposed framework can be adapted for deployment
on GPU-accelerated embedded systems such as NVIDIA Jetson Orin Nano or Xavier modules. Sensor-level
data interfacing through DICOM-to-API adapters enables direct input from MRI or CT scanners, facilitating
real-time acquisition and inference. Hardware acceleration using TensorRT or FPGA-based co-processing can
further reduce inference latency to below 0.3 seconds per 256x256 slice.

From an informatics standpoint, the trained model can be containerized using TensorFlow Lite or
ONNX for mobile or cloud deployment. Integration within Android or iOS platforms would enable portable
modality translation, while multilingual voice-assisted and cloud-based visualization interfaces can enhance
accessibility for radiologists and patients. These implementations collectively support low-latency, distributed
clinical, and educational applications.

3.10. Ethical considerations

The introduction of synthetic medical images into diagnostic workflows raises important ethical and
regulatory concerns. Synthetic outputs should be clearly labelled to prevent misinterpretation as real scans,
especially in medico-legal contexts. Moreover, reliance on synthetic modalities must be carefully balanced
with the risk of introducing hallucinated features or omitting subtle pathological signs. Clinical adoption will
require not only algorithmic validation but also prospective multi-center trials, regulatory clearance, and clear
guidelines for use.

4. CONCLUSION

This study demonstrated the effectiveness of a CycleGAN-based deep learning approach for
translating MRI images to CT images and vice versa without requiring paired datasets. The results showed that
the model successfully synthesized high-quality images, preserving critical anatomical structures while
minimizing distortions. The evaluation metrics, including SSIM, PSNR, and MAE, confirmed that the
generated images were structurally and statistically similar to real scans. Additionally, expert radiologists
validated the clinical relevance of the synthetic images. The study highlights the potential of unsupervised
image-to-image translation in medical imaging, particularly in scenarios where acquiring both MRI and CT
scans is challenging or expensive. Unlike prior works that primarily adapted generic CycleGAN models, this
research distinguishes itself by integrating an optimized U-Net generator with specialized preprocessing and
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loss weighting strategies tailored for brain imaging, thereby achieving superior structural fidelity and
diagnostic reliability. The proposed approach can be integrated into clinical workflows to assist in diagnostic
procedures, radiation therapy planning, and Al-driven medical analysis. While the results are promising, there
are several areas for improvement and future exploration. Future work can explore enhanced network
architectures, such as attention-based GANSs or Transformer-based models with multi-scale feature fusion, to
improve the fine details and contrast in generated images. Extending the model to work with other imaging
modalities, such as PET, X-ray, or ultrasound, and training it on larger and more diverse datasets that include
rare pathologies and diverse patient demographics will broaden its clinical applicability and robustness across
different patient populations and scanner settings. Conducting prospective clinical studies to evaluate
diagnostic equivalence between real and synthetic modalities, and developing lightweight architectures suitable
for deployment on low-resource hardware, particularly in rural healthcare settings, represent important next
steps toward clinical translation.
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