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In order to improve the MRI imaging speed, a method of compressed sensing is
used. This method utilizes sparsity and compressibility on images, breaking the Nyquist
sampling theorem, being able to reconstruct images from fewer data. This paper replaces the
patients doing scanning with a high-resolution image of the scanning results, to simulate
compressed sensing. Apart from basic normal distribution, four other distributions are tried,
they are standard linear, modified linear, Weibull, and cosine distributions. Images are
sampled around 35% and reconstruct by wavelet transform. In the end, the modified linear
distribution shows the highest image match. Besides, by increasing the sampled points in
center, the difference from reconstructed image and complete image become smaller.

MRI compressed sensing, sampling strategy, wavelet transform image
reconstruction

MAGNETIC Resonance Imaging (MRI) is a non-invasive imaging technique widely used for
disease diagnosis and medical research. However, its scanning speed is slow, which means patients
are required to stay still in the machine for a long time [1-3]. That's difficult for children and
someone who have disease such as claustrophobia and hyperactivity [4]. Besides, long scanning
time leads to higher cost, made it a heavy burden for family and government [5]. If the scanning
speed improved, more people can have the ability, and be more comfortable to do this scan.
Additionally, for some emergency rescue, every minute speed up is crucial for lifesaving.

In this case, many researchers dedicated to the development of acceleration technology. The
concept of compressed sensing is proposed as one of the solutions. Researchers find that if the signal
is sparse and incoherence, then it can be reconstructed from a sampling point much lower than the
Nyquist sampling theorem require [6,7]. One commonly used compressed sensing method in MRI is
sampling under normal distribution in k-space, and remove undersampling part from reconstruction,
such as wavelet transform. After several times of transformation, pictures will become more
approaching to the full sampling image, but only requires part of the time.

© 2026 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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In this paper, some other sampling patterns were tried and compared with normal distribution.
They are standard linear distribution, modified linear distribution, Weibull distribution, and cosine
distribution. Because of space and equipment constraints, a high-definition MRI scan image was
taken as real human brain in this experiment, and different sampling methods were applied on this
image. All the sampling rates are controlled around 35%. This approach first sampled the pictures in
k-space under different distributions, then reconstructed them by wavelet transform, and compared
the difference in the end. In addition, we have studied the same approach in more depth, by
changing the number of center samples.

The following sections, section II describes the sampling methods for five distributions, and
introduces how to reconstruct them and compare them. Section III shows the difference between
results and first picture, discusses the reason. A conclusion of this experiment and description of
future work are made in session IV.

Brain scanning is one of the most common clinical applications of MRI. Most brain images show
sparsity in the appropriate transformation domain. This means compress sensing can be well
integrated in this field. Before we can do that, we need to understand how compress sensing works
and how this technology is used in conjunction with MRI.

In order to successfully apply compress sensing, the desired image is first required to show
transformation sparsity in the transform domain used, and MR image usually satisfies this condition
in the Fourier domain. The combination of MRI and CS is based on the researchers' desire to speed
up the imaging as much as possible without compromising the quality of the image, that is, taking
fewer samples and reconstructing them in a suitable way.

(a) (b}

(a): Original brain image. (b): Brain image in Fourier domain_

Figure 1. Image in Fourier domain

When undersampling this image in the Fourier domain, it should be noted that the sampling method
should take into account that the energy distribution of MR image in k-space is not uniform. As
shown in Figure. (1a,1b), low frequency points appear white and are concentrated in the center, and
these points have higher energy. Therefore, it can be concluded that a higher sampling density
should be adopted in the central region of k-space when designing an undersampled mask.

In the actual experiment, we adopted five different probability distributions to design our
sampling strategy, and compared which strategy had the best performance in the process of image
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reconstruction when the same number of samples were taken.

You can clearly see the variation in sampling density between the different masks in Figure 2.
What they have in common is that they all have the highest sampling density in the center of the
Fourier domain. A 1-D Probability Density Function graph are provided to help you understand the
difference between 2-D masks better.

In addition, the total sample size of all masks is 35%.

(a) (b) (c)
1-D Distribution and 2-D Mask: (a) Normal distribution, (b)Standard Linear distribution, (c) Cosine

(d) (e)
(d) Modified Linear distribution, (e) Weibull distribution

Figure 2. 1-D Distribution and 2-D Mask
2.2. Reconstruction

After the missing value is returned to zero and the Fourier transform is reversed, discontinuous
image artifacts appear in the sampled images, which are similar to noise. (See Figure (3)) The image
then needs to be reconstructed to make the simulated image as similar as possible to the original
image.

At this stage, the wavelet transform is applied to simulate the missing value of the image. In other
words, we apply wavelet transform on the image formed by the samples collected in Fourier domain
to simulate the missing value returned to zero and remove the noise. When the image is returned to
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the Fourier domain by reversing the wavelet transform and the Fourier transform, the corresponding
pixel points are covered with the samples collected before to further correcting the image.

Usually based on different sampling strategies, 30-80 cycles of iteration will be carried out to
achieve the reconstruction result that is closest to the original image.

(a) (b)

(a)Original brain image. (b)Zero iteration of cosine mask.
Figure 3. Noise on zero iteration

Each mask will need different iterations according to its sampling strategy to achieve the optimal
effect, but the more iterations in the impression is not the better. We chose five different sampling
strategies:

(a) normal distribution needs 50 times.

(b) Standard Linear distribution needs 80 times.

(c) Cosine needs 80 times.

(d) Modified Linear distribution needs 24 times.

(e) Weibull distribution needs 80 times.

3. Results
3.1. Simulation results

We did 10 simulations to each mask and all im_diff energy shown in this section are the average of
the 10 simulation values, rounded to the closest whole number.

Results of Simulations
(both less is better)

mim_diff_energy miterations

Weibull P 819
Modified Linear [y 203
Cosine P 758
Standard Linear P 538
Normal [ oo 233
0 200 400 600 300 1000

Figure 4. This is the result of the simulations

44



Proceedings of CONF-CDS 2026 Symposium: Data-Centric Al Security: Securing Models, Learning Agents, and Autonomous Systems
DOI: 10.54254/2755-2721/2026.CH33372

Figure (4) presents the simulation results. The Normal (Gaussian) mask, which nowadays is
widely used in MRI Compressed Sensing, yielded an im_diff energy of 233 within 50 iterations.
The application of the Standard Linear method with 80 iterations produced an im_diff energy of
538 and utilizing the Cosine mask for 80 iterations generated a value of 758. Surprisingly, the
Modified Linear mask, executed across only 24 iterations, resulted in a value of 203. Applying the
Weibull method over 80 iterations led to a value of 819.

The Normal mask gave a satisfying result comparatively with the second lowest im_diff energy
and taking 50 iterations, which means the reconstructed image is of good quality and takes less time
to produce. The Weibull, Cosine and Standard Linear mask all took 80 iterations, but is not that
effective with high im_diff energy. The Modified Linear mask performed best among all 5 masks. It
not only achieved the lowest im_diff energy of 203, but also only took 24 iterations, half of the
second least Normal mask. The Modified Linear mask exhibited not only increased speed but also
proved to be as, maybe even more, effective than the Normal mask.

3.2. Refinement to Weibull and Cosine mask

As the outcomes of the Weibull mask and the Cosine mask are not as satisfying, we made the refined
versions of them by making the must-be-sampled area in the middle bigger, from 255-258 to 240-
273, 30 pixels larger in side length. This caused very minor increase in the sampling rate. The results
of simulations are presented in Figure (5). The im_diff energy considerably decreased, meaning the
refined versions outplayed the original masks. From the results, we can confirm that in the k-space,
the more pixels in the middle are sampled, the better the quality of the reconstructed image will be.

Refined Masks after 80 iterations
(less is better)
mim_diff_energy
Refined Weibull NI 325
Weibull I 519
Refined Cosine NG 315
Cosine I 58
0 200 400 600 800 1000

Figure 5. This shows the contrast between the simulations results of refined masks and the original
masks

4. Discussion
4.1. The poisson distribution

The Poisson Distribution is also a probability distribution function worth researching when
considering the pdfs of sampling masks. Overall, the Poisson mask we tried showed great potential.
It reconstructed the image successfully with acceptable details, but it's im_diff energy is high.
However, it showed its value and potential when the sampling rate becomes very low. It often needs
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a sampling rate of only 15%, but can also get a clear image. Breaking the limits of sampling rates
might be its further research topics.

4.2. Improvement to the Modified Linear mask

Our Modified Linear mask has shown room for further improvement. The Modified Linear mask is
sometimes unstable. In several occasions, it reached the im_diff energy of 165 and also many times
around 180. Maybe through further optimization, the Modified Linear mask can have even better
performance.

5. Conclusion

We chose to compare the difference between normal distribution and four other distributions. Under
35% sampling rate, all the distributions can make the picture reconstruct. The modified linear
distribution shows the best result and use less iterations, and the cosine distribution has the highest
image lost, reconstructing the worst image. With the comparison of different size of center, it was
found that relative more pixels chosen in center can make the reconstruction better.

For future work, there is still a lot of places can be improved. More detailed comparison and
more accurate control on variables can polish this experiment and make the results better. Also, in
every distribution, we plan to find a suitable proportion for central sampling and edge sampling. If
images obtain a clear result, the sampling ratio can be further reduced and save more time.

Acknowledgement

Yizhou Meng, Xiang Fei, and Congzhong Wang contributed equally to this work and should be
considered co-first authors.

References

[1] L. Feng, T. Benkert, K. T. Block, D. K. Sodickson, R. Otazo, and H. Chandarana, "Compressed sensing for body
MRI, " Journal of Magnetic Resonance Imaging, vol. 45, no. 4, pp. 966-987, 2017.

[2] T. Minh-Chinh, N. Linh-Trung and T. Duc-Tan, "On the implementation of chaotic compressed sensing for MRI, "
2016 International Conference on Advanced Technologies for Communications (ATC), Hanoi, Vietnam, 2016, pp.
103-107, doi: 10.1109/ATC.2016.7764754.

[3] M. Sarracanie, C. D. LaPierre, N. Salameh, D. E. Waddington, T. Witzel, and M. S. Rosen, "Low-cost high-
performance MRI, " Scientific reports, vol. 5, no. 1, p. 15177, 2015.

[4] M. Lustig, D. Donoho, and J. M. Pauly, "Sparse MRI: The application of compressed sensing for rapid MR
imaging, " Magnetic Resonance in Medicine: An Official Journal of the International Society for Magnetic
Resonance in Medicine, vol. 58, no. 6, pp. 1182-1195, 2007.

[5] M. Lustig, D. L. Donoho, J. M. Santos and J. M. Pauly, "Compressed Sensing MRI, " in IEEE Signal Processing
Magazine, vol. 25, no. 2, pp. 72-82, March 2008, doi: 10.1109/MSP.2007.914728.

[6] G. Yangetal., "DAGAN: Deep de-aliasing generative adversarial networks for fast compressed sensing MRI
reconstruction, " IEEE transactions on medical imaging, vol. 37, no. 6, pp. 1310-1321, 2017.

[7] C.P.Dautov and M. S. Ozerdem, "Wavelet transform and signal denoising using Wavelet method, " in 2018 26th
Signal Processing and Communications Applications Conference (SIU), 2018: Ieee, pp. 1-4.

46



