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Abstract  The registration of CT images in patients is helpful to improve the reliability of diagnosis
and to improve the therapeutic effect, which is the precondition of monitoring postoperative
rehabilitation condition, confirming or adjusting treatment plan. At present, the deformation
field driving force of the advanced deformation registration algorithm relies only on the image gray
level and gradient information, which makes the registration of complex deformation appear to be

lack of driving force, low deformation degree, weak robustness and low accuracy of registration.
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In order to solve these problems, a new registration algorithm, called LECM Demons Algorithm,
is proposed to combine the Log-Euclidean Covariance Matrices (LECM) descriptor with the target
function of the deformation registration model. Firstly, the gray information, position information,
first-order and two-step-degree norm information of each pixel are mapped into a feature space;
then the covariance matrix of each pixel is computed quickly by using the integral image method
for the feature space. Secondly, the covariance matrix is mapped to the feature descriptor in the
Log-Euclidean space by the logarithmic mapping of the matrix as the LECM descriptor, which is
invariant to the large rotation, scaling and illuminance, and can describe the structure characteristic
of the image effectively. Finally, the Euclidean distance of the LECM descriptor corresponding to
the two images is added to the target function of the Log-demons registration frame as a new
match. The image registration for large and complex deformation provides the driving force of
deformation field with structural information constraints, while ensuring the differentiable of the
new target energy function. In addition, in order to further improve the convergence speed and
accuracy of registration, the proposed algorithm first uses the rigid registration algorithm based
on the pixel gray level to make the global rough registration. The result of rough registration is
used as the initial value, and then the LECM Demons model is used for fine registration in the
framework of multi-resolution strategy. Prior to fine registration, the guided image filter is used
for preprocessing the reference image and the image to be registered. The multi-resolution opti-
mization strategy limits the generation of local extrema, improves the registration robustness,
and reduces the computational cost. Preprocessing strategy can save image edge and detail
structure, at the same time approximate Gaussian smoothing of image flat area, effectively avoid
the problem of detail loss in resampling process, and increase the discriminability of LECM
descriptor. In this paper, two types of images were selected for experiment: the clinical image of
lung CT (Computed Tomography) with large and complex deformation and the same patient at
different time. In order to analyze and verify the registration performance of the proposed LECM
Demons algorithm, the registration results were evaluated using a combination of subjective
visualization and objective quantitative quantification. Experimental results on artificially synthesized
images and clinical medical images show that the proposed algorithm is robust to complex
deformations, and the average registration accuracy is improved by more than 50% compared
with the advanced deformation registration algorithm. At the same time the proposed algorithm
maintains a high calculation efficiency.

Keywords medical image registration; Log-Euclidean covariance matrices; Log-Demons; multi-

resolution strategy; robustness
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LA FR. NCC i X BB &R R H#ETH
KA AR = (D frs ez F 1,
T VEVE BB B H Ah L A T A e R A MR
JrEAL T E AR R, SCHRL16 58 SC T e HE K

@ D.Kroon 5Z 3 ) FFD % ¥:. https://cn. mathworks. com/
matlabcentral/fileexchange/20057-b-spline- grid—image-and-
point-based-registration?s_tid= prof_contriblnk 2011,3,16

@  Lombaert SZ 3 A4 Log-demons % 3. https://cn. mathworks.
com/matlabcentral/fileexchange/39194-diffeomorphic-log-
demons-image-registration 2014,8,19
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Background

Deformation image registration is an important technique
in computer vision and medical image analysis. It is also a
crucial step to achieve information fusion, disease diagnosis,
surgical planning, surgical navigation, and target delineation.
Rigid registration represents the translation, scaling, or
rotation of the whole image, which merely means the spatial
alignment between the images to be registered. It has been
well applied in the relatively fixed parts of the medical
images, such as the brain, spine, or pelvis. However, rigid
registration cannot deal with local deformation caused by
respiratory motions, organ peristalsis, gravity, postural
changes and so on. Therefore, deformation image registration
has great theoretical significance and practical value for meeting
the needs of clinical diagnosis and target delineation.

There are two mainstream approaches for deformation
image registration, Demons and Free-Form Deformations
(FFD) using B-splines. In comparison with FFD model
algorithm, Demons are much more suitable for practical
applications due to the quality of the registration results and
the absolute advantage in computational complexity. Therefore,
the algorithm used for the deformation image registration in
our study is based on Demons algorithm.

However, the update schemes underlying the conven-
tional Demons methods rely on forces derived from the image
gradients and are inherently limited by their local scope. This
local scope typically limits current registration methods to
small deformation, weak robustness, and low precision. In
order to recover small deformations, improve the registration
accuracy and accelerate the registration process, many
variants of Demons algorithm have been proposed over these
years. Wang et al. proposed Active Demons algorithm to

reduce the mismatch of large deformations. However, it was

difficult to balance the registration of large deformation and
small deformation region, which led to low registration
accuracy. Recently, Reaungamornrat et al. proposed MIND
Demons algorithm, which solved large deformation as well as
obtained fairly registration accuracy. However, the increase
in computation time could outweigh the benefit. Lombaert
et al. proposed a novel enhanced version of the popular
Log-Demons algorithm, named the Spectral Log-Demons
registration algorithm. The Spectral Log-Demons method
introduced a new approach for image registration based on a
direct feature matching technique that generated updates with
a global scope instead of a typical local scope, which was
efficient for very large image deformations. However, the
method assumed that registered images must have a similar
topology with no occlusions, holes, or missing parts, which
may be a limiting factor in specific applications, e. g. , organs
with missing structures between images.

Our research group’s interests include the reduction of
mismatch between images with complex deformations, the
enhancement of robustness, and the improvement of registration
accuracy in deformation image registration. The group has
proposed a novel registration algorithm, called LECM
Demons, incorporating the Log-Euclidean covariance matrices
descriptor into the objective function of registration model.

This work is supported by the National Natural Science
Foundation of China (61305038, 61273249, 61502282), the
Public Science and Technology Research Funds Projects of
Ocean (201505002), the Key Laboratory of Autonomous
Systems and Network Control of Ministry of Education
(SCUT of China), the National Engineering Research Center
for Tissue Restoration and Reconstruction and the Guangdong

Key Laboratory for Biomedical Engineering (SCUT of China).





