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CORRECTION OF THE INHOMOGENEITY OF THE BRIGHTNESS
OF MAGNETIC RESONANCE IMAGES

MATHUTTIK-PE3OHAHCTHIK BEMHEJEPIH KA PBIKTAH/IBIPYBIHBIH,
BIPKEJKI EMECTITIH TY3ETY

KOPPEKIIUSI HEOJJHOPOJHOCTHU SIPKOCTEM
MATHUATHO-PE3OHAHCHbIX U30BPAKEHU

Anoamna. Maxanaoa MacHUMMIK-PE3OHAHCMBIK MeOUYUHATBIK Cypemmepoei KapKbIHObLIbIKMbIY OIpKenKi
emecmicin mysemy Mmaceneci Kapacmulpbliadvl. byn macene usyanuzayus icabObiKmapwinbly epekutenikmepine
6ainanbicmol, MAZHUMMIK OPAMARApObly Opicmi MIpKeYIHiy MYPAaKcwi30blebl JicoHe mazbl 6aAcKa MeXHUKAIbLK,
cebenmepoen mybiHOAybl MYMKIH. Ayeimky opici cypemmepoei HvicanoapOvl MAaHyobly CAHObIK 20ICMEpIH
KONOanyobl JicaHe OYpblic OUAZHO3 KOHObl KublHOamaovl. JKymvicma Oypmanayutbl memen HCULLIKMI JHCYUeniK
KOMROHEHMMI a1y YWiH JCo2apbl HCULIKMI Cy3eini (po-cysei nemece ramp filter) Kondamny ycoinvinowl. Homuoicenep
MOOenbOiK MblcaimeH dHcane obuomeouyunanvls MPT-cypemmepoi Hakmul 6H0eymeH belineneHeoi.

Tyitin co30ep: mazHummi-pe3oHaHcmvl MOMOSPAPUsL, KAPKbIHOBLILIKMbIY OIPKEIKI eMeCmI2iH my3emy, ayblmKy
epici,belinenepoi cy3y.

Aunomayus. B cmamve paccmampueaemcs npobnema Koppekyuu HepagHOMEPHOCMU UHMEHCUBHOCMU HA
MASHUMHO-PE30OHAHCHBIX  u300pasicenuax. Oma npobrema cea3ana ¢ 0COOEHHOCMAMU 000pYOOsaHus Ol
BU3YATUZAYUU, MOICEM ObIMb BbI36AHA HECMAOUTLHOCIBIO PE2UCPAYUU NOJIA MASHUMHBIMU KAMYUKAMU U OpY2UMU
mexuuveckumu npudunamu. Ilone cmewenus 3ampyOusiem npumMeHenue YuQposvix Memooos pacnosHABAHUsL
00BEKM08 HA U300PANCEHUSX U NOCMAHOBKY NPABUILHOZ0 OUA2HO3A. B pabome npednodceHo NpuMeHsmyb GbiCo-
Kouacmomuyo urvmpayuro (po-gunemp, uiu ramp filter) 0na cuamusa uckadgcaouell HUKOYACMOMHOU cucme-
Mamuueckoil KOMnoHenmvl. Pesyiomamol uinrocmpupyromes MOOeIbHbIM NPUMEPOM U PeanbHol 06pabomroi
ouomeouyurnckux MPT-cnumkos.

Knwouesvie cnosa: maznummno-pesonancnas momoepagpus, Koppekyus HeoOHOPOOHOCMU APKOCMU, HoJe

cmewenus, unbmpayus uz00pasiceHul.

Abstract. The article deals with the problem of correcting the uneven intensity in magnetic resonance images.
This problem is related to the features of the visualization equipment, may be caused by the instability of the field
registration by magnetic coils and other technical reasons. The displacement field makes it difficult to use digital
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methods for recognizing objects in images and making a correct diagnosis. In this paper, it is proposed to use high-
frequency filtering (rho filter, or ramp filter) to remove the distorting low-frequency systematic component. The
results are illustrated by a model example and real processing of biomedical MRI images.

Keywords: magnetic resonance imaging, correction of brightness inhomogeneity, displacement field, image
filtering.

Introduction. Images obtained in an MRI scanner are subject to noise. These interferences
need to be removed, as they significantly complicate the further process of classification,
clustering and diagnosis. Interference is divided into two large types - random and systematic.
This division is rather conditional, there are other specific interferences, for example,
anatomical and age characteristics of the patient, which are attributed to special interferences
called patient noise.

The fight against random interference has a long history in the theory and practice of signal
processing, starting with the invention of radio in the early twentieth century and then with the
advent of systems for transmitting and detecting audio, visual and multispectral information.
Statistical methods of suppression of random interference have been developed and widely
used. The theory of random noise is rich in mathematical models and well developed. Within
the framework of this theory and practice, methods and algorithms for image reconstruction of
computational tomography, stabilization and optimization of noise-resistant approaches of the
theory of weakly conditioned and incorrect problems of mathematical physics have been
applied.

Usually, the noise in MR images is caused by fluctuations in the magnetic field in the coil
[1]. Various inhomogeneities associated with MR images include noise, shading artifact, and
partial volume effect. The inhomogeneity of intensity occurs due to the irregularity of radio
frequencies during data collection, which leads to a shading artifact [2]. When several types of
fabrics or classes occupy the same voxel or pixel, this is called the partial volume effect. High
contrast and high spatial resolution are mandatory depending on the type of diagnostic tasks. A
high signal-to-noise ratio is a prerequisite for image processing applications, since most
algorithms are sensitive to noise. This highlights the need to apply noise filtering on MR images
to preserve the fine details of the image.

The intensity value (from black to white) can vary within the same fabric. This is called the
displacement field. This is a low-frequency, smooth, unwanted signal that significantly darkens
or brightens some areas of the MRI image. The displacement field is caused by the
inhomogeneity of the magnetic field of the MRI machine. If the offset field is not corrected,
image processing algorithms (for example, segmentation and classification) will give incorrect
results. Before segmentation or classification, a preprocessing stage is necessary to correct the
influence of the displacement field [3].

In this paper, we consider the task of improving the visual quality of images obtained in MRI
scanners and subject to systematic interference, in particular, field displacement, or brightness
inhomogeneities in the images. The change in the visual brightness of an MRI image caused by
the displacement field can sometimes reach 30% distortion of the normal image density, which
causes great difficulties for doctors when evaluating images when making a clinical diagnosis,
and has an adverse effect on the possibilities of digital processing of medical images, such as
segmentation, registration and quantification.

Currently, the task of developing methods and means of eliminating noise and image
artifacts is still practically valuable and relevant in tomography [4], [5], [6]. The paper considers
the possibility of using a RO filter, or a high-frequency filter, widely known and used in
tomography [7]. This filter corresponds to the model of image formation in MRI scanners. The
results of numerical experiments on model data and real MRI images are presented.
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Problem statement. Almost all researchers in their work use a similar formulation of the
problem and a model of interference formation of MRI images [3]. Two main artifacts distort
the MRI image: radio frequency (RF) heterogeneity and pulse noise. In the frequency domain,
(RF) inhomogeneity changes low-frequency harmonics, and random pulse noise distorts high
frequencies. In the spatial domain, RF inhomogeneity is a multiplicative distortion, and pulse
noise is additive. Based on the features described above, we can write the following interference
model:

g=fxb+N, (1)

The distorted image (g) is obtained by the sum of noise (N) and the original image (f)
multiplied by the distortion (offset) of the RF inhomogeneity (b). Noise can be suppressed using
known noise removal filters, such as anisotropic diffusion in [8]; therefore, it is assumed that the
problem of random pulse the problem has already been solved [12], [13]. Only images f and b
will be considered.

The algorithm for solving the problem. Calculating the natural logarithm of both parts of
equation (1), we obtain an additive model:

In(g) = In(f)+ In(b). 2)

Now the distortion of In(b) can be estimated by applying a low-pass filter (LP), (Low Pass)
for In(g):

In(b) = LP(In(g)). ®3)
Substituting (3) into (2) we get:
In(g) = In(f") + LP(In(b)). (4)
Thus, we get the following estimate of the undistorted logarithmic image:
In(f™) =In(g) — LP(In(b)). (5)
To get the intended restored image, the exp () function is applied to both parts (5):
f” =exp(In(g) — LP(In(b))). (6)

Numerical calculations. The filtering algorithm (1) - (6) can be implemented both in the
image domain and in the Fourier transform domain. Unlike traditional algorithms for removing
displacement fields based on signal models and a priori assumptions, we pay attention to the
p-filtering method, which does not use accurate modeling of signals and displacement fields and
does not require significant parameter tuning (Fig.1). The result of its action is similar to the
effect of background alignment and the results are shown in Fig. 2, Fig. 3 and Fig.4.

Po — the filter (ramp filter) has the following form in the spatial domain

1
el
p(n) = 0,n=2,4,... ) @)
-1
m,n:].,s,...

d — is the sampling step of the filter samples [7].
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Figure 1. Ramp filter in the frequency domain, or in the Fourier space

c
Figure 2. (a) The test image is 256x256; The column with the number 230 is highlighted.
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(b) The offset field is darkening with a light central part of the spot on the right side (c)
Modeling of inhomogeneity is performed according to the formula: (¢) = (a)x(b), i.e., the
image matrix of Figure 2 (c) is equal to the element product of matrix (a) by matrix (b). (d) The
result of using a Ramp filter, in discrete form, known as the Schepp filter — Logan, to the image
(c). There is an effect of general background alignment with approximately the same

illumination of all areas of the test image under conditions of an unknown type of distortion, in
this case shown in Fig. 2 (b).
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Figure 3. (a) Columns number 230 of the test image in Fig. 2 (a) and the unevenly darkened image in Fig.
2 (c); (b) Column 230 of the image in Fig. 2 (d) is the result of filtering, the effect of background
alignment is noticeable. (c) Comparison of the reconstruction of the multiplicative distortion obtained by
piecemeal division of the image in Figure 2 (c) by the image matrix in Figure 2 (d). The displacement
field — the darkening spreading radially from the center of brightness in the right part to the sides, was
able to estimate quite accurately
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a

Figure 4. (a) An MRI image of a 300x300 mouse head. The offset field is a darkening with a light upper
part of the image and a darkened lower part. (b) The result of applying a Ramp filter, in a discrete form
known as the Shepp —Logan filter, to the image (a). There is an effect of general background alignment
with approximately the same illumination of all areas of a real MRI image under conditions of an
unknown type of distortion, in this case similar to a quasi-linear one

The use of MRI in the diagnosis of the knee joint. Muscles, ligaments, cartilage and other
articular structures are well visualized using MRI. In many cases, an MRI provides information
about body structures that cannot be seen with an X-ray, ultrasound, or CT scan. Magnetic
resonance imaging (MRI) of the knee is done to check the cause of unexplained knee pain or
knee failure; looking for problems in the knee joint, such as arthritis, bone tumors, infections, or
damage to the cartilage, menisci, ligaments, or tendons.

An MRI shows whether knee arthroscopy is necessary, and can also detect bone fractures
when x-rays and other tests are inconclusive. MRI is performed more frequently than other tests
to detect certain bone and joint problems [9], [10].

Osteoarthritis of the knee is one of the leading causes of chronic disability worldwide and
represents a significant social and economic burden on health systems; therefore, it became
necessary to develop methods for identifying patients at risk of developing osteoarthritis of the
knee at an early stage. Standard MRI morphological sequences mainly focus on the changes
seen in the advanced stages of osteoarthritis. However, they have low sensitivity to early subtle
and potentially reversible changes in the degenerative process. In a review [11], the authors
summarized the state of the art with respect to innovative quantitative MRI techniques that use
objective and quantifiable biomarkers to detect subtle changes that occur in the early stages of
osteoarthritis in the cartilage of the knee, before any morphological change occurs, and to
identify potential effects on the brain. These new MRI imaging tools are believed to have great
potential to improve the current standard of care, but further research is needed to remove
limitations before these digital techniques can be reliably applied in research and clinical
settings [14], [15], [16].

Conclusion. Test model computer experiments and real reconstructions of MRI images allow
us to conclude with cautious optimism that the ramp filter can be used in the task of background
alignment. This is important for adequate use at the second stage of the dissertation, where
corrected images with an equalized field of brightness can be used in the application of methods
and programs for recognizing anomalies of the knee joint. We plan to use the K-means method,
as well as explore the possibilities of other approaches.
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The model experiments carried out in this paper achieve the alignment of the linear, quadratic
and cubic field displacement functions. The purpose of the article is to develop an approximate
method for removing the inhomogeneity of images, with a minimum number of parameters for the
operator. At the same time, we need a method that aligns the background really well.

We found that the technological chain made up of components such as ro-filtering, sliding
window smoothing, median filter and stretching of the dynamic range of brightness make it
possible to obtain the alignment of the displacement field. The results obtained will allow
further use of classification and recognition methods, for example, k-means.

Acknowledgements. The work was partially supported within the framework of the state task
of the Institute of Computational Mathematics and Mathematical Geophysics SB RAS (project
0251-2021-0003).

References

1. Mohan G., Subashini M.M. MRI based medical image analysis: Survey on brain tumor grade classification //
Biomedical Signal Processing and Control. —2018. — V. 39, —S.139-161. DOI: 10.1016/j.bspc.2017.07.007.

2. Azzouz D., Mazouzi S. A hyper-surface-based modeling and correction of bias field in MR images //
Jordanian Journal of Computers and Information Technology (JJCIT). —2021. — V. 7, Ne3. — C.223. DOL
10.5455/jjcit.71-1617051919.

3. Xu Y, Hu S, Du Y. Bias Correction of Multiple MRI Images Based on an Improved Nonparametric
Maximum Likelihood Method // IEEE Access. — 2019. — V. 7, — C. 166762 - 166775, DOI:
10.1109/ACCESS.2019.2953795.

4. XuY. Wang Y., HuS. et al. Deep convolutional neural networks for bias field correction of brain magnetic
resonance images // J Supercomput. —2022. —V.78. — C.17943-117943. DOI: 10.1007/s11227-022-04575-4.

5. Dai X., Lei Y., Liu Y., Wang T., Ren L., Curran W.J., Patel P, Liu T., Yang X. Intensity non-uniformity
correction in MR imaging using residual cycle generative adversarial network // Phys Med Biol. —2020. — V.
65, No21. — C. 215025. doi:10.1088/1361-6560/abb31f.

6. Sridhara N.S., Akrami H., Krishnamurthy V., Joshi A.A.. Bias field correction in 3D-MRIs using
convolutional autoencoders // Proc. SPIE 11596, Medical Imaging 2021: Image Processing, 115962H (15
February 2021); DOI: 10.1117/12.2582042.

7. Khellaf F., Krah N., Letang J.M., Rit S. 2D directional ramp filter. // Physics in Medicine and Biology. —

2020. - V. 65, Ne8. pp.08NTO1. DOI:10.1088/1361-6560/ab7875.

Gonzalez R.C., Woods R.E. Digital Image Processing, Pearson, NY, 2018.

9. Wan F., Smedby O., Wang C.. Simultaneous MR knee image segmentation and bias field correction using
deep learning and partial convolution // Proc. SPIE 10949, Medical Imaging 2019: Image Processing,
1094909 (15 March 2019); DOI: 10.1117/12.2512950.

10. Chien A., Weaver J.S., Kinne E., Omar |. Magnetic resonance imaging of the knee // Polish Journal of
Radiology. — 2020. — V. 85, Nel. — C.509-531. DOI: 10.5114/pjr.2020.99415.

11. Mallio C.A., Bernetti C., Agostini F., Mangone M., EtAl. Advanced MR Imaging for Knee Osteoarthritis: A
Review on Local and Brain Eects. // Diagnostics. — 2023. — V. 13, Nel. — C. 54; doi:
10.3390/diagnostics13010054.

12. Zhang, Z., Vernekar, D., Qian, W. et al. Non-local means based Rician noise filtering for diffusion tensor and
kurtosis imaging in human brain and spinal cord. / BMC Med Imaging . — 2021. — V. 16, DOL:
10.1186/512880-021-00549-9.

13. Daudt R.C., Saux B.L., Boulch A., Gousseau Y. Weakly supervised change detection using guided
anisotropic diffusion // Machine Learning. —2021. DOI: 10.1007/s10994-021- 06008-4.

14. Liu H., Sh. Liu Sh., Guo D., et al. Original intensity preserved inhomogeneity correction and segmentation
for liver magnetic resonance imaging // Biomedical Signal Processing and Control. — 2019. — V. 47, C.231-
239. DOI: 10.1016/j.bspc.2018.08.005.

15. George M.M., Kalaivani S., Retrospective correction of intensity inhomogeneity with sparsity constraints in
transform-domain: Application to brain MRI. // Magnetic Resonance Imaging. — 2019. — V.61. — C.207-223.
DOI:10.1016/j.mri.2019.04.011.

16. Lucas A., lliadis M., Molina R., Katsaggelos A. K. Using deep neural networks for inverse problems in
imaging: beyond analytical methods // IEEE Signal Processing Magazine. — 2018. — V. 35, Ne 1. — C.20-36.
DOI: 10.1109/MSP.2017.2760358.

2



