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Abstract: An efficient pipeline for Rosette trajectory Magnetic Resonance Imaging reconstruction
is proposed, combining the inverse Fourier transform with a Vision Transformer (ViT) network
enhanced with a convolutional layer. This method addresses the challenges of reconstructing high-
quality images from non-Cartesian data by leveraging the ViT’s ability to handle complex spatial
dependencies without extensive pre-processing. The Inverse Fast Fourier Transform provides a robust
initial approximation, which is refined by the ViT network to produce high-fidelity images. This
approach outperforms established deep learning techniques for Normalized Root Mean Squared Error
and Peak Signal-to-Noise Ratio scores, offers better runtime performance, and remains competitive
with respect to Structural Similarity Index Measure scores and relative contrast.
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1. Introduction
1.1. MRI, Cartesian and Non-Cartesian

Magnetic Resonance Imaging (MRI) is a crucial diagnostic tool in modern medicine, capable
of providing detailed images of anatomical structures [1]. MRI data is collected in k-space, where
signals are recorded based on their spatial frequency and phase information [2]. This k-space data
is then transformed into the spatial domain through the Fourier transform [3]. The resulting images
provide high-resolution, contrast-rich views of anatomical structures, aiding in accurate diagnosis and
treatment planning. The Cartesian trajectory of k-space corresponds to a sampling scheme in which
data is collected along regular grid lines. While such fully sampled images are ideal, some degree of
undersampling is required to reduce scan times and minimize patient discomfort [4]. Non-Cartesian
trajectories, such as radial or spiral paths, yield improved image quality compared to Cartesian
undersampling, allowing faster MRI acquisition via efficient k-space coverage [5].

1.2. Cartesian k-Space MRI Reconstruction Methods

Traditional Cartesian reconstruction methods involve the direct application of the inverse Fast
Fourier Transform (IFFT) to uniformly sampled k-space data [6]. Despite its widespread use, stan-
dard FFT-based reconstruction is prone to artifacts from motion and undersampling. Compressed
sensing has emerged as a key alternative, exploiting the sparsity of undersampled data to reconstruct
images by solving an optimization problem that enforces sparsity constraints, leading to high-quality
reconstructions with reduced scan times [7]. Compressed sensing is often used in conjunction with
parallel imaging, the combination being abbreviated as PICS. Parallel imaging techniques, such as Sen-
sitivity Encoding (SENSE) and Generalized Autocalibrating Partially Parallel Acquisitions (GRAPPA),
leverage the spatial sensitivity profiles of multiple receiver coils to accelerate MRI acquisitions [8].

Deep learning methods have had success in reconstructing undersampled Cartesian MRI [9–12],
improving upon classical techniques at high accelerations by allowing greater complexity in the
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employed model [13] and extracting complex mappings from training data [14]. Architectures such as
Convolutional Neural Networks (CNNs) and Generative Adversarial Networks have been employed
to restore missing or corrupted k-space data, leveraging large datasets to enhance reconstruction speed
and accuracy [15,16].

1.3. Non-Cartesian k-Space MRI Reconstruction Methods

Reconstructing high-quality images from non-Cartesian data is challenging, as traditional Fourier-
based methods struggle to handle the irregularity and gaps in the sampling pattern [17]. Standard
non-Cartesian reconstruction methods typically involve arranging the data onto a Cartesian grid before
applying the FFT, a process known as gridding [18]. The sparsity of non-Cartesian data also makes it a
suitable candidate for compressed sensing, Non-Cartesian GRAPPA, and SENSE [5]. Methods such as
Compressed Sensing overcome the limitations of Fourier techniques by balancing fidelity to acquired
data with the assumption of sparsity in the image domain [8].

Deep neural networks gained traction in this problem [19] due to their ability to handle non-
Cartesian data without the need for regridding. Hammernik et al. [15] employed VarNet for the
reconstruction of complex multi-channel MR data, leveraging its ability to seamlessly combine varia-
tional inference techniques with deep learning to achieve impressive performance in reconstruction
tasks [20]. Aggarwal et al. introduced MoDL [21], an integration of model-based and deep learning
approaches. MoDL’s application of iterative unrolling of optimization algorithms within a deep
learning framework yields a powerful architecture that captures both data-driven and model-driven
insights, enabling accurate and efficient reconstructions. Vision Transformers have also demonstrated
state-of-the-art performance in non-Cartesian MRI reconstruction [22]. Unlike traditional CNNs, which
rely on convolutional kernels to process spatial information, ViTs decompose the input data into a
sequence of patches and apply transformer models to learn complex representations [23], which is
effective in handling the structure of non-Cartesian k-space data. Table 1 summarizes the advantages
and disadvantages of the reconstruction techniques discussed. It should be noted that Non-Cartesian
reconstruction with deep neural networks can require specialized algorithms and additional prepro-
cessing [24]. These limitations, combined with the need for domain-specific expertise to implement
and optimize non-Cartesian deep learning techniques, present challenges to their practical application.
Despite these difficulties, deep learning methods have achieved success in the reconstruction of un-
dersampled MRI [19,25]. This is particularly relevant for accelerated acquisition scenarios, which are
essential for further reducing scan times while maintaining high image quality.

Table 1. Comparison of MRI Reconstruction Techniques for Rosette Trajectory Imaging.

Technique Advantages Disadvantages
IFFT - Robust initial approximation

from k-space to image domain.
- Computationally efficient for
uniformly sampled Cartesian
data.

- Struggles with non-Cartesian
trajectories.
- Susceptible to artifacts due to
irregular and undersampled
data.

CS - Balances fidelity to acquired
data with image sparsity.
- Effective for undersampled
data, reducing scan times.
- Works well with Cartesian and
non-Cartesian data.

- Requires complex optimization,
leading to higher computational
costs.
- Sensitive to parameter tuning
and model assumptions.
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Table 1. Cont.

VarNet,
MoDL

- Learns complex mappings
from data, improving
reconstruction at high
acceleration rates.
- Handles both Cartesian and
non-Cartesian data without
regridding.

- Requires large datasets and
computational resources for
training.
- Long inference times

ViT - Models long-range
dependencies, capturing
complex spatial patterns.
- No need for extensive
pre-processing of non-Cartesian
data.

- Requires augmented training
data, increasing training time
and resource consumption.

1.4. The Rosette Trajectory

The Rosette trajectory, a non-Cartesian trajectory which traces a petal-like path through k-space,
provides particularly effective k-space coverage [26]. The efficient sampling pattern of the Rosette
trajectory can yield a higher signal-to-noise ratio (SNR) compared to spiral or radial trajectories for
MRI acquisition under high acceleration factors [27]. Standard reconstruction techniques for rosette
k-space involve adapting traditional gridding methods to handle the unique structure of the trajectory,
including the development of dedicated density compensation functions (DCF) to account for the
varying sampling density [28].

Rosette has been shown to work well alongside CS and high acceleration factors [26,29]. Mahmud
et al. achieve good performance with an acceleration factor of 6 in 7 Tesla CS Rosette spinal cord
imaging [30]. Li et al. use Rosette and CS to achieve 10 percent better results than radial and spiral
trajectories at and acceleration factor of 10 [27]. Alcicek et al. use a novel Rosette trajectory with CS to
accomplish patient-friendly and high resolution magnetic resonance spectroscopy imaging [31]. While
the Rosette trajectory is a promising candidate for high-acceleration reconstruction, training on raw
MRI data is computationally expensive. In order to achieve flexible high accuracy reconstruction for
accelerated Rosette imaging with good runtime performance, we utilize the direct Fourier transform
to approximate the final result and the ViT network to transform this approximation into the expected
image. The addition of a convolutional layer improves the reconstructed image by removing artifacts
that arise from the pure ViT network. This hybrid approach promises to enhance the reconstruction of
Rosette trajectory MRI, making it not only faster but also more adaptable to diverse imaging scenarios.
As a benchmark, we apply VarNet [15] and MoDL [21].

2. Materials and Methods
2.1. Method Overview

The method proposed in this work utilizes a strategy that combines traditional and modern
deep learning techniques. The pipeline, shown in Figure 1, operates in two key phases: an initial
approximation phase and a refinement phase. During the initial approximation phase, the IFFT is
applied to multi-coil Rosette-sampled k-space data, after which the resulting coil images are combined
through root square sum to produce a rough image. This step, though computationally simple,
introduces imprecision and noise due to the undersampled and non-uniform nature of the k-space
trajectory. In the refinement phase, the rough image is passed to the ViT network, which has been
trained with our data to predict the PICS reconstruction. The second stage effectively deals with
artifacts, reduces noise, and produces a final image that closely approximates the reference. The ViT is
particularly well-suited for this task due to its ability to model long-range dependencies and capture
complex spatial patterns in the data that traditional methods may miss.
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Figure 1. Pipeline of IFFT to ViT reconstruction (ViT stage adapted from Lin and Heckel [22]).

2.2. Vision Transformer

The network architecture of the employed ViT is based on the accelerated MRI reconstruction
work by Lin and Heckel [22] , repurposed for approximating the compressed sensing algorithm for MRI
reconstruction. Their model is based on the ViT, originally proposed by Dosovitskiy et al. [32] for image
classification tasks. The ViT in turn applies the Transformer encoder, originally intended for sequential
data, to visual data. This is accomplished by processing the input image as a sequence of patches. A
trainable linear transformation maps each patch to a d-dimensional feature vector known as a patch
embedding. To compensate for the lack of positional information, learnable position embeddings are
used to encode the absolute position. Finally, a classification token is added to the beginning of the
sequence. The encoder consists of N encoder layers, each containing a Multi-Head Self-Attention
block and a multilayer perceptron block that transforms each feature vector independently. Layer
normalization is applied before each block, and residual connections are added after each block for
stable training. The output representation of the classification token is used for the final classification
of the input image.

The ViT architecture by Lin and Heckel adapts this system for image reconstruction by removing
the classification token and replacing the classification head with a reconstruction head tailored for
mapping the transformer output back to a visual image [22] . Unlike previous approaches that combine
Transformers with convolutions [33], this architecture uses only the standard Transformer encoder.

The ViT by itself produces significant artifacts in the form of miscolored patches with defined bound-
aries at regions of high contrast, irrespective of training augmentation. The inclusion of the convolutional
layer corrects this issue. Figure 2 shows the improvement granted by the addition of the layer.

(a) ViT (b) ViT + convolution

Figure 2. Success of convolution in removing pixel artifacts.
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2.3. Dataset and Pre-Processing

The experimental dataset comprises 6 sets (two for each patient) of 500 T1-weighted time series
axial brain MRI scans acquired using the Rosette k-space trajectory, with a resolution of 512x512 pixels.
The acquisition details are as follows:

• Repetition Time (TR): 2.4 seconds
• Echo Time (TE) (dual): 1 and 9 milliseconds:
• Acceleration factor: 4
• Number of petals: 189
• Nominal in-plane resolution: 0.468 millimeters
• Slice thickness: 2 millimeters
• Flip angle: 7 degrees
• Number of slices: 1

We employed both augmented and non-augmented datasets for Vision Transformer training and
evaluation. Reference images for comparison were generated using a PICS algorithm implemented
through the Berkeley Advanced Reconstruction Toolbox (BART) [34]. The k-space data was converted
to an initial approximation of the final image using the IFFT. These intermediate images are then used
to train the network to minimize the difference between such inputs and the CS reference.

4 training sets were used for training and one set was used for validation, with 500 scans in each
set. For singly augmented ViT, this results in 4000 inputs, and for triple augmentation this number
becomes 8000.

The augmentations used for ViT training data include:

• Random Horizontal Flip, probability=0.5
• Random Vertical Flip, probability=0.5
• Random Rotation, 0 to 180 degrees
• Color Jitter, brightness/contrast/saturation, range= 0.8 to 1.2
• Random Resized Crop, scale= 0.3 to 1.1

By simulating various imaging conditions during training, the network learns to extract mean-
ingful features while remaining robust to variations in patient anatomies, imaging conditions, and
acquisition scenarios.

2.4. Evaluation Methods

Reeconstruction performance was assessed using several image similarity metrics. Table 2 shows
the respective formulae. The metrics are applied to 6 randomly generated 50x50 pixel patches (biased
towards the center to avoid empty space) and averaged to generate the final metric score.

• The Structural Similarity Index Measure (SSIM) measures image similarity between a reference
image and a processed image. Higher scores are preferred.

• Normalized Root Mean Square Error (NRMSE) is the root mean squared error between the images
normalized by the sum of the observed values. Lower error is preferred.

• Normalized Mutual Information (NMI) is a normalized Mutual Information (MI) score, where
the scale between no mutual information and full correlation is given as 0 to 1.

• Relative contrast is the ratio between the difference in maximum and minimum intensity and the
sum of the same values.

• Peak Signal-to-Noise Ratio (PSNR) measures the ratio between the maximum possible pixel value
and the noise power. Higher PSNR values indicate better image quality.
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Table 2. Formulae for image quality metrics, where X is the reconstructed region of interest and Y is the
corresponding reference.

Metric Formula
SSIM

SSIM(X, Y) =
(2µXµY + c1)(2σXY + c2)

(µ2
X + µ2

Y + c1)(σ
2
X + σ2

Y + c2)
,

where µX and µY are the means of X and Y, σ2
X and σ2

Y are the
variances, σXY is the covariance, and c1 and c2 are constants
to stabilize the division.

NRMSE

NRMSE =

√
1
N ∑N

i=1(xi − yi)2

max(X)− min(Y)
,

where xi and yi are the pixel values of the reference and pro-
cessed images, respectively, and N is the total number of
pixels.

NMI

NMI =
2I(X, Y)

H(X) + H(Y)
,

where I(X, Y) is the mutual information between regions X
and Y, and H(X) and H(Y) are the entropies of images X and
Y, respectively.

Relative Contrast

Relative Contrast =
max(X)− min(X)
max(X) + min(X)

,

where max(X) and min(X) are the maximum and minimum
pixel intensities of the region.

PSNR

PSNR(X, Y) = 10 log10

(
L2

MSE(X, Y)

)
,

where L is the maximum pixel value and MSE(X, Y) is the
mean squared error between X and Y.

2.5. Visualization

The reconstructed images were bias field corrected with the open source Advanced Normalization
Tools toolbox (https://github.com/ANTsX).

2.6. Training Procedure

The ViT training was completed using the PyTorch framework on an Nvidia A6000 GPU. For
gradient descent, the Adam optimizer [35] was used with a maximum learning rate of 0.0003. The
"1cycle" learning rate scheduler [36] was used alongside Adam to adjust the learning rate. A patch
size of 10x10 pixels was used, defining the size of the square segments into which the input image is
divided. The depth of the sequential layers of self-attention and feedforward networks was set as 10,
while the number of attention heads were set at 16. The embedding dimension was set at 80, partly
due to memory concerns. The convolutional layer is set at a kernel size of 3 and stride of 1 to preserve
the output image dimension. The small kernel size preserves the quality of the image while correcting
boundary artifacts generated by the ViT. The networks converged in 15 to 20 epochs, at which point
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the training was stopped. Ground truth is defined as the PICS reconstruction. The benchmark VarNet
and MoDL networks are used with a setup informed by Blumenthal et al. [34], with batch size set at 20.

3. Results
3.1. Image Scores

Table 3 shows various image quality metric results for the ViT pipeline against VarNet and ModL.
The highest SSIM score is achieved by MoDL and the triply augmented ViT. The best NRMSE and
PSNR scores are achieved by the ViT For NMI, the MoDL score is the highest. Notably, the ViT results
have better NRMSE and PSNR scores even with little or no augmentation to the training data.

The image quality scores in Table 3 demonstrate the advantages of the ViT pipeline across multiple
metrics. The triply augmented ViT achieves comparable SSIM scores to MoDL while outperforming
both VarNet and MoDL in terms of NRMSE and PSNR. The improvements in PSNR and NRMSE
suggest that the ViT excels at preserving pixel intensity fidelity and reducing reconstruction noise.
However, the lower NMI score indicates room for improvement in capturing fine inter-pixel relation-
ships, particularly in regions of high structural complexity. Augmentation improves performance, as
shown in the triply augmented model’s metrics, with higher PSNR values demonstrating reduced
noise and enhanced clarity.

Figure 3 illustrates sample triply augmented ViT results from the network. Figure 4 shows the
same image reconstructed by VarNet, MoDL, and the ViT pipeline; the final subfigure shows the
amplified difference between the PICS and the ViT reconstructions.

Figure 3. Triply augmented ViT reconstructions for all three subjects

(a) MoDL reconstruction (b) VarNet reconstruction

(c) ViT reconstruction (d) PICS - ViT difference

Figure 4. Comparison of reconstructions.
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Table 3. Image quality scores for training methods. Arrows indicate whether higher or lower values are preferred.

Reconstruction Method SSIM ↑ NRMSE ↓ PSNR ↑ NMI ↑ Relative Contrast ↑
VarNet 0.946 0.250 23.63 0.537 0.277
MoDL 0.987 0.059 38.21 0.575 0.327

Non-augmented ViT 0.982 0.040 42.07 0.438 0.296
Augmented ViT (X1) 0.983 0.029 44.98 0.458 0.306
Augmented ViT (X3) 0.987 0.026 46.11 0.493 0.302

3.2. Network Runtime Performance

Table 4 highlights significant differences in runtime and resource efficiency among the models.
The ViT pipeline demonstrates a marked advantage in processing speed, requiring 45 seconds per 10
images, compared to VarNet and MoDL, which take approximately 7 minutes each. This efficiency
arises from the network’s strategy of refining an already approximate reconstruction rather than
computing directly from raw k-space data.

The GPU memory footprint of the ViT pipeline lies between VarNet and MoDL. While its resource
requirements (4895 MB) exceed those of VarNet, it remains significantly lower than MoDL’s usage.

Table 4. Reconstruction performance metrics.

Network Total CPU Time (minutes) Max GPU Memory Used (MB)
VarNet (10 images) 06:58 2785
VarNet (20 images) 13:51
MoDL (10 images) 07:05 6369
MoDL (20 images) 14:08

ViT (10 images) 00:45 4895
ViT (20 images) 01:25

4. Discussion
The results of this study illustrate the potential of using a Vision Transformer pipeline for the

reconstruction of Rosette trajectory MRI data. The superior NRMSE and PSNR scores achieved by
this method in comparison to methods such as VarNet and MoDL, even with low data augmentation,
suggest that this approach is effective in preserving image fidelity (NRMSE, PSNR) and reducing noise
(PSNR). The competitive results achieved with minimal or no augmentation highlight the ViT’s ability
to generalize well from approximations and small datasets, which is crucial in medical imaging where
large, well-annotated datasets are not always available. The SSIM and NMI scores indicate that while
the method excels in certain metrics, there may be room for improvement in capturing fine structural
details or maintaining overall structural integrity. Transformers, by nature, rely heavily on global
contextual relationships, opening up the possibility to incorporate local attention mechanisms or CNN
based strategies to capture finer details.

The increased runtime efficiency of the ViT framework suggests its suitability for real-time clinical
applications, such as dynamic or 4D MRI, where processing speed is critical. Finally, further opti-
mization of the network’s architecture could potentially reduce memory usage without compromising
accuracy.

Investigating advanced augmentation techniques and more diverse datasets could improve the
model’s robustness and generalization capabilities. The augmentation methods used, although simple
(flipping, rotating, and color jitter), appear to have bolstered the model’s ability to generalize across
different types of k-space data, as seen from the improved PSNR and NRMSE scores. Future work
could investigate the impact of more complex augmentations, such as elastic transformations or non-
uniform intensity scaling, which might further increase the robustness of the model in more diverse
clinical scenarios.
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While the results demonstrate strong performance on axial brain images, the generalizability
of these findings to other MRI protocols (such as differing field strengths, acquisition times, or
anatomical features) remains to be explored. Additionally, evaluating the ViT’s performance across
different k-space trajectories, such as radial or spiral acquisitions, would further validate its robustness
across diverse MRI applications. Incorporating more sophisticated initial approximations or iterative
refinement steps within the ViT framework may also yield improvements. Finally, extending the
evaluation of these methods to different types of MRI data, including dynamic and functional MRI, and
assessing their performance in real-time applications will be crucial for translating these advancements
into practical clinical tools. This approach could be particularly advantageous in exploring 3D or
4D MRI applications, as the transformer self-attention capability can naturally extend to higher
dimensions.
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