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Abstract


Radiotherapy treatments are carried out using computerized axial tomography. In radiation therapy planning, the radiation oncologist must do a manual segmentation of volumes of interest to delineate the organs that should be irradiated. This way of carrying out the process generates long execution times and introduces a subjective component. In this study, a contour-propagation algorithm is formulated to automate the segmentation, based on elastic registration or nonrigid demon registration. A heuristic algorithm to find the parameters that optimize the registration is also proposed. The parameters found along with the contour-propagation algorithm are able to estimate contours of scans with Dice similarity coefficients (DSC) greater than   0.92   and maintain stability with B-spline registration, which takes in the parameters found as input. The study allows for validating the results using the correlation coefficient (CC) to compare the similarity between the voxels’ gray-scale intensity of the estimated tomography and the original tomography, obtaining values greater than   0.96  . These values were validated under medical criteria and applied to liver and breast CT scans, indicating good performance for radiation therapy planning.
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1. Introduction


Computerized tomography (CT) is a diagnostic imaging modality used for radiotherapy treatment planning. During this process, the radiation oncologist manually defines each organ that will be taken into account in later phases, as well as the region to be irradiated. The delineation of the volume of interest (VOI) is known as segmentation. This is done by defining the contour of each VOI in each tomographic scan. The task, when executed manually, requires long execution times. It is estimated that high-quality service requires: one radiation oncologist for every 250 new patients a year, one medical physicist for every 400 new patients a year, two technologists for every 25 patients treated per unit of treatment per day, and two technologists for the initial phases of treatment planning (simulation) for every 500 new patients per year. On the other hand, there is a considerable subjective component in defining these volumes. Automatization of radiotherapy treatment planning allows not only an increase in efficiency of the procedure but also a possible reduction of error associated with poor contouring. Currently, there are two promising proposals for automated contouring. The first is based on a multi-class classification perspective, where newer versions use convolutional neural networks. The second uses nonrigid registration algorithms as its main tool. Under this last perspective, the user has a library of contoured patients which are used to establish a bijective transformation between the images, which can also be used to transform the contours.



Among the nonrigid registration methods we have, on one hand, registrations based on image characteristics such as lines, curves, or points, in which the transformation is based on spline [1] with the characteristics as a basis, making it very efficient in magnetic resonance imaging (MRI) [2,3] or in case studies with multimodal imaging [4]. Because the method is based on characteristics, the set of parameters that determine the transformation is a problem to be addressed, for example, with heuristic algorithms based on decision trees [5] for algorithm learning (aprendizaje del algoritmo). In CT, we look for the parameters for B-spline registration, by applying mutual information (información mutua) to heart scans [6].



On the other hand, the nonrigid registration based on intensities assumes that these parameters are constant even though their position changes with changes in the organ’s shape in the image, caused by the patient’s involuntary movement [7]. Given these conditions, this type of registration allows for describing the displacements with a displacement vector field (DVF), which describes the image deformation and tracks the propagation of the organ contours in each sequence [8].



To date, due to the diversity in the images recorded and the differences in intensity, there are no studies that determine a common method for organ contour-propagation, for example, CT scans of the breast. Each registration method must consider the type of geometric deformation between the images as well as the noise caused by the patient’s movements [9]. Furthermore, nonrigid registration cannot be generalized and the case studies have been based on Bayesian models [10].



In the search for a solution, the nonrigid registration becomes a differential approximation that includes (i) a similarity criterion, (ii) an iterative optimization process, and (iii) a smoothing process [11]; in addition, when it comes to registration between CT scans of the same area of the body it is assumed that the intensities are conserved in each sequence.



This is why the demon algorithm based on intensities is implemented in this work, which is a widely used monomodal registration process. This algorithm was proposed by Thirion [12] as a fluid diffusion process based on optical flow (OF) [13]. Then it was supplemented by showing that the transformation that models the deformation of the organs in the image is a bijective, differentiable function and a composition of DVF functions [14,15,16]. Finally, Vercauteren [17] proposed a demon-efficient algorithm. This latest version of the demon algorithm, before searching for the DVF, smoothes the image by applying a Gaussian kernel at different levels, forming a blurring pyramid that eliminates noise in the voxels’ intensity. Unlike the classic demon method, the updated domain is estimated at each iteration. The current transformation is measured by using a new rule that is updated between the exponential map of the updated domain and the previous estimate.



The transformation describes the DVF between a fixed CT scan and another moving or displaced CT scan. To analyze the efficiency of the implementation, a moving version of the CT scan is estimated from the DVF calculated with the new version of the demon algorithm, and its similarity with the original moving CT scan is measured using performance measures. However, each DVF depends on three parameters: the variance of the smoothed kernel, the number of pyramid levels in the blur, and the number of iterations to update the domain, which must be defined each time; these parameters, in particular, have not been documented for breast CT scans.



The goal of this work is to propose a contour-propagation algorithm based on demons and a heuristic algorithm based on local search, which finds the combinations of iterations, variance, and number of levels in the blur in the solution space that optimizes the performance measures: the correlation coefficient (CC) and the Dice similarity coefficients (DSC). Additionally, to show the linear relationship of the CC and DSC results. These algorithms contribute to calculating the optimal dose of radiotherapy for patients with cancer, given that a good contour avoids putting healthy organs at risk and optimizes the efficiency of the dose beam.



Elastic image registration is especially challenging for volumes of interest that are large and subject to large nonrigid deformations over time. Good examples of such structures are the liver and the breast. Depending on the case, such structures might be considered to be organs at risk (that is, they are not the volumes to be treated but the dose should be calculated and minimized in such structures) or they might be considered target volumes to be treated. In any case an accurate registration is a prerequisite for an adequate radiation dose calculation. For this reason both the liver and breast are important organs in any radiotherapy treatment performed in the thoracic region.



The paper is organized as follows: Section 2 describes the demon method and presents the respective parameters. Section 3 presents the results and analysis. Finally, the conclusions are presented in Section 4.




2. Methodology


This section introduces the image registration technique that will be used in this work. First as an optimization process with its respective objective function. Then the nonrigid registration is presented using the demon algorithm and how it optimizes on a space of nonparametric diffeomorphisms of Lie groups. Finally, a free-form registration deformation based on B-spline is presented, which presents an objective function where the regularization term is a combination of norms   ℓ 1   and   ℓ 2   to solve the discontinuity problem in nonrigid registration. This last registration is shown in order to present a comparison and therefore be able to measure the performance of the contour-propagation algorithm formulated in this work.



2.1. Image Registration


Given a fixed image   I F   and a moving image   I M   in a D-dimensional space, image registration is a problem that aims to find the spatial transformation   T :  I F  ⟶  I M    that aligns the images   I F   and   I M  , where   p ⟼ T ( p )   assigns points from the image   p ∈  I F    to   T  ( p )  ∈  I M   . The objective is to optimize similarity criteria   S i m (  I F  ,  I M  ∘ T )   that measures the quality of the transformation. This registration process is shown in Figure 1, where     T *  = arg  max T  S i m  (  I F  ,  I M  ∘ T )    .



The authors in [11] consider   S i m (  I F  ,  I M  ∘ T )   based on the mean squared error (MSE), which can be calculated using Equation (1):


  S i m  (  I F  ,  I M  ∘ T )  =  1 2  ·   |   I F  −  I M  ∘ T    |  2  =  1   2 · |   Ω p   |     ∑  p ∈  Ω p        I F   ( p )  −  I M   ( T  ( p )  )   2   



(1)




where   Ω p   is the overlap region between   I F   and    I M  ∘ T  . To do the registration of fixed and moving images, Equation (1) needs to be optimized in a space given the spatial transformations. Given that the registration is unimodal, that is, from CT scan to CT scan, the deformation is the voxel displacement in the different scenarios. The model is given by   T : p ⟼ p + u ( p )  , where  u  is the DVF that is added to the identity transformation to obtain a nonparametric transformation [14]. Note that the goal is to find the  u  that describes the contour propagation in each of the scenarios. The DVF  u  is a 4-D vector structure for 3-D images since it includes the position of the gray-level intensity in the transformed image [18].




2.2. Demon Algorithm


The demon algorithm proposed by Thirion [12] is implemented. The method considers two images as a semipermeable membrane to the edges of the objects in one of the images; the other image is considered as a deformable grid model that can diffuse across the interfaces through effectors, which are located within the membranes. These effectors are known as demons. The forces are inspired by the OF equations [13,19] and the method toggles between the computation of the forces and the regularization with a simple Gaussian smoothing. This results in a computationally efficient algorithm.



One of the main limitations of the demon algorithm is that it does not guarantee the invertibility of the transformations, contrary to diffeomorphic image registration algorithms. The diffeomorphism conserves the object’s topology in the image and avoids introducing foldings that are often physically impossible [17]. Therefore, the proposal based on conservation of energy [20,21] adds a regularization term   R e g ( T )   to Equation (1) and we obtain


  E  ( T )  =  1  σ i 2   · S i m  (  I F  ,  I M  ∘ T )  +  1  σ T 2   · R e g  ( T )   



(2)




where   σ i   measures the image noise caused by the intensities in the image and   σ T   controls for the necessary regularization. In order to convert the demon algorithm into a well-posed minimization criterion [21] proposed, using Equation (2), a minimization of energy of a nonparametric spatial transformation C as an auxiliary variable and assuming a Gaussian distribution for the image intensity. Taking   d i s t ( T , C ) = ∥ C − T ∥   and   R e g  ( T )  =   ∥ ∇ T ∥  2   , and   σ x   as the spatial uncertainty of the correspondences, the expression to minimize is:


  E  ( C , T )  =    1  σ i   ·  (  I F  −  I M  ∘ C )   2  +  1  σ x 2   · d i s t   ( T , C )  2  +  1  σ T 2   · R e g  ( T )   



(3)







Diffeomorphisms are considered a good framework when there is no additional information about the spatial transformation available because they can be composed and inverted without problems. The easiest way to adapt the demon algorithm to make it diffeomorphic is to optimize the global energy equation (Equation (3)) over a diffeomorphism space instead of the complete nonparametric spatial transformation space. Therefore, an optimization procedure on a Lie group is required [22,23].



The first step is to remember that any Lie group can be associated with a Lie algebra  g  whose underlying vector space is the tangent space  G  of the neutral element   I d  , which is nothing more than the identity transformation. This Lie algebra captures the local structure of  G . The Lie group and Lie algebra are related through the exponential group, which is a smooth map from a neighborhood of   0 ∈ g   to a neighborhood of   I d ∈ G  . Canonical coordinates provide local coordinate graphs for any   x ∈ G   in some neighborhood of T, so there exists a vector  u  such that   x = T ∘ e x p ( u )  . It has been shown that Newton’s methods have been used to optimize Lie group problems [14]. The central idea of this method is to find, from the current transformation T, an update of  u  over the Lie algebra, based on the expansion of the cost function (3) and update the Lie group with the exponential function   T ⟵ T ∘ e x p ( u )  . In the classic demon algorithm,  u  is a dense displacement field, and therefore, an optimal transformation is obtained which preserves the morphology of the image and displays the displacement field  u , which describes the position and velocity in the   I M   scenario.



The algorithm smoothes the image by applying a Gaussian filter, assuming three parameters:  ρ  is the number of levels in the smoothing pyramid, which is used to reduce the resolution of the image and locally reduce noise [18] and N is the number of iterations in the first level of the pyramid. For the following levels these iterations are reduced by a factor of   1  2 m   , where   m = 0 , 1 , ⋯ , ρ − 1  . Finally,  σ  is the smoothing level for the Gaussian distribution.




2.3. Algorithm Based on B-Spline


An alternative model is the free form deformation (FFD) based on B-spline, defined as a mapping from   R 3   to   R 3   of a tensor product of Bernstein polynomials with three variables [24]. The basic idea of FFDs is to deform an object by manipulating an underlying mesh of control points as seen in Figure 2. The resulting deformation controls the object’s shape and produces a smooth and continuous   C 2   transformation [25,26].



To define a FFD based on B-spline, we denote the domain of the volume image as   Ω = { ( x , y , z )  |  0 ≤ x < X ,  0 ≤ y < Y ,  0 ≤ z < Z }  . Let  Φ  denote the mesh    n x  ×  n y  ×  n z    of control points   ϕ  i , j , k    with uniform spacing  δ .



Then the FFD can be written as a 3-D tensor product of the 1-D family of cubic B-splines


  T  ( x , y , z )  =  ∑  l = 0  3   ∑  m = 0  3   ∑  n = 0  3   B l   ( u )  ·  B m   ( v )  ·  B n   ( w )  ·  ϕ  i + l , j + m , k + n    



(4)




where   i =   x  n x    − 1  ,   j =   y  n y    − 1  ,   z =   z  n z    − 1  ,   u =  x  n x   −   x  n x     ,   v =  y  n y   −   y  n y     ,   w =  z  n z   −   z  n z      and where   B l  ,   B m  , and   B n   represent the basis functions for the B-spline for parameters u, v and w [3], as shown in one of the cases below


      B 0   ( u )      =    ( 1 − u )  3  6         B 1   ( u )      =   3 ·  u 3  − 6 ·  u 2  + 4  6         B 2   ( u )      =   − 3 ·  u 3  + 3 ·  u 2  + 3 · u + 1  6         B 3   ( u )      =   u 3  6      











Vishnevsky [27] makes an interesting FFD proposal where a set of control points in the fixed image and moving image are established. Their respective deformation describes the displacements of these points and constructs a DVF  d . The goal is to find a measure of the total variation for the regularization term in the objective function [27].



In effect, given the images   I F   and   I M  , the displacement vectors of the control points are described as   d = {  d 1  , ⋯ ,  d N  }   for a N-dimensional voxel and their gradient is described as   ∇ d = { ∇  d 1  , ⋯ , ∇  d N  }  . The initial model is to find    d  *   such that


    d  *  = arg  min d    E D   ( d ;  I F  ,  I M  )  + λ  E R   ( d )   



(5)




where   E D   corresponds to the similarity measure and   E R   to the regularization term. The central idea is to propose a term that estimates the transformation    d  *  .



The most used regularization term is based on the   ℓ 2   norm and is the smooth regularization model described as [3]:


   E R sm   ( d )  = v ·  ∑  n ≤ N     ∥ ∇  d n  ∥  2 2   



(6)




where v is the volume of the voxel. This norm allows any continuous optimization method to minimize (5), given that it is smooth and allows for analytical differentiation with respect to the transformation parameters.



On the other hand, we propose how to solve the discontinuity problem for elastic registrations. Starting off with the anisotropic total variation regularization, based on the norm   ℓ 1   given by


   E R aTV   ( d )  = v ·  ∑  n ≤ N     ∥ ∇  d n  ∥  1   



(7)




we build a total variation regularization term based on (6) and (7) for the l control points:


   E R TV   ( d )  = v ·  ∑  l ≤ L      ∑  i , j ≤ N     (  ∇ i   d j   ( l )  )  2    = v ·   ∥ D  ( d )  ∥   2 , 1    



(8)




for the DVF given by   D  ( d )  =  [  ∇ 1   d 1    ∇ 2   d 1   ⋯   ∇ 1   d 2   ⋯   ∇ N   d N  ]   . It can be observed that the regularization is imposed at the displacements in the grid with control points  k  and therefore the objective function is expressed as


    k  *  = arg  min k   E D   ( d  ( k )  ;  I F  ,  I M  )  + λ η   ∥ D  ( k )  ∥   2 , 1    



(9)




where  η  is the volume of the control point’s grid cell. Then it can be seen that the regularization parameters are controlled by both the experimental value  λ  and by the number of voxels in a grid cell.




2.4. Performance Measures


The performance measures proposed below are intended to measure the similarity between CTs with their contours originally done by medical professionals and those estimated with the contour-propagation algorithm. To measure the segmentation or contour, the commonly used Dice coefficient is presented. Regarding the measurement of the intensities, it is proposed to use the correlation coefficient, which provides a scale between 0 and 1 to better understand the similarity of the tomography scan.



2.4.1. Dice Coefficient


The Dice coefficient is a quantitative evaluation that measures the intersection between pairs of segmentations, as well as the performance of contour-propagation algorithms. This is a measure of similarity that varies between zero and one such that the closer the coefficient is to one, the greater the overlap of the images.


  D I C E  ( A , B )  =   2 · | A ∩ B |   | A | + | B |    



(10)




where   | A |   and   | B |   are the cardinality of the sets   | A |   and   | B |   respectively, while   | A ∩ B |   is the cardinality of the intersection between the sets.



Since this coefficient counts the overlap of voxels that coincide between two images, it is necessary to segment the structures as shown in Figure 3 (see Figure 3b,d). By establishing a binary image of the structures, Equation (10) becomes a good performance measure to analyze the quality of the contours that propagate through the different scenarios.




2.4.2. Correlation Coefficient (CC)


The correlation coefficient quantitatively evaluates the similarity between the intensities of two CTs, A and B. Unlike the mean squared error, the values range from 0 to 1 and this allows us to analyze the value of similarity between the original scans and the estimated scans. The correlation coefficient can be expressed as:


   S  c o r r    ( A , B )  =   ∑  ( A −  A ¯  )  ·  ( B −  B ¯  )      ∑   ( A −  A ¯  )  2   ·  ∑   ( B −  B ¯  )  2       



(11)




where   A ¯   and   B ¯   correspond to the mean gray-level intensity in images A and B, respectively. A slightly less strict assumption would be that there exists a linear relationship between the intensity values in the registration. In this case, the optimal similarity measure is the correlation coefficient.





2.5. Data Structure and Preprocessing


The procedures and algorithms were implemented in MATLAB R2018b. The demos-based registration was implemented using the Image Processing Toolbox function called imregdemons. The computational experiments were done using a PC with 16.0 GB of RAM, a 64-bit Windows 10 operating system, and a 2.90 GHz processor. To validate the medical results, matRad was used. It is an open source cancer treatment planning toolkit which includes tools for radiation treatment planning of three-dimensional intensity-modulated radiation therapy [28] and is available on its public GitHub repository (http://www.matrad.org/, accessed on 24 June 2022).



Two sets of images were used for the analysis. The first set is of 10 CT scans of the abdominal area (which will be referred to as scenarios from now on), each scan with a dimension of   256 × 256 × 130   corresponding to a patient with liver cancer. To check the accuracy of the contours obtained, we use segmentation data of the skin, liver, and clinical treatment volume (CTV), which will be called structures from now on. The second data set consists of five 3-D breast CT scans of one patient, each image stored at a   512 × 512 × 65   resolution. The following volumes were contoured: skin, right lung, left lung, heart, contralateral sinus, and CTV. This resolution results from preprocessing the original images as described below.



Breast CT Acquisition in 4-D Format


Since the five CT scans belong to the same patient, we construct an extension of scans that simulate the 4-D format for the five series, where the dimensions of the five scenarios are   256 × 256 × 65  . Scenarios 1, 2, 4, and 5 are composed of 75 slices, while Scenario 3 was taken with 10 fewer slices. This implies that the dimensions per voxel in Scenario 3 are different compared to the other scenarios. Now, the demon algorithm is an iterative process where the objective function is a similarity measure. When comparing intensities, the columns of the voxels will not match between Scenario 1, the fixed scenario, and Scenario 3. This generates erroneous displacement vectors and in order to avoid this, the first ten remaining slices of scans 1, 2, 4, and 5 are removed so the five scenarios are equally resized and have the same voxel size. With this, the resolution per voxel is expected to be 1.5226 × 1.5226 × 3.



To do this, we start with the loading of the first scenario with its respective contours, CT   1  . Then, we attach the remaining scan volumes, CT   2  , CT   3  , CT   4  , and CT   5  , to the resulting array. Finally, the dicom information and the corresponding metadata from CT   2   to CT   5   are attached.



Once the CT is obtained in 4-D format with five scenarios and six segmented structures in Scenario 1, which will be the fixed scenario, stored as segmented computed tomography (SCT), each structure in the SCTs is a set of linear positions that have their equivalent positions x, y, z in the cube, as seen in Figure 4.



These images, processed in 4-D format, are used later for the contour-propagation algorithm, which allows for its implementation in matRad, given they have the CT and SCT instances.






3. Results and Discussion of Computational Experiments


This section presents the results according to the proposed methodology, as well as their respective analyses. Initially, a heuristic algorithm is formulated to find the parameters that calculate the best DVF, where the objective function is the correlation coefficient given by Equation (11). Then, the results are analyzed with medical criteria, considering shorter time and maximum correlation. Finally, the contour-propagation algorithm based on demon and B-spline registration is presented, showing stability and the contours with the chosen parameters.



3.1. Parametrization of the Demons Algorithm


In order to obtain a set of adequate values for the three parameters of the demon algorithm (see Section 2.2), a heuristic algorithm based on local search is proposed. This algorithm explores multiple values in each parameter’s domain and evaluates the algorithm’s performance in terms of the similarity coefficients.



The local search algorithm is an iterative neighborhood search process. This approach improves the current solution by searching through your environment or neighborhood. Starting with an initial solution, a set of solutions is explored in the environment and the solution is updated if a better one is found. Each implementation of the local search process may differ depending on what is defined as the environment, which determines which solutions are attainable, and which solution is accepted and used to update the current solution. The procedure stops when it fails to improve the solution with the search in the current solution’s environment. The current solution in the last iteration of local search is called the local optimal solution. It is important to highlight that the local search process does not guarantee a global optimal solution, given that sections of the feasible region may remain unexplored.



In our implementation, the algorithm starts with initial values for each parameter:    ρ 0  = 200  ,    N 0  = 3  , and    σ 0  =   2.5. These values are used because initial experiments showed good similarity. The performance evaluation of the solution refers to the highest correlation coefficient obtained in each of the scenarios. It is important to remember that each CT set includes multiple scenarios. Assuming the first scenario as a fixed image, we have a set of moving images (for example, nine moving images for the liver case study). Thus, nine correlation coefficients are obtained, one for each moving image. Then, in order to obtain robust solutions, the highest correlation coefficient obtained in all the scenarios is taken as a measure of performance, so that in the worst case the performance is maximized.



The neighborhood of a solution is defined by the solutions obtained after increasing or decreasing the value of  δ  in each variable (a demon algorithm parameter), individually. The values of  δ  depend on the domain of each parameter; thus, the domain for the number of levels in the smoothing pyramid is   ρ ∈ { 1 , 2 , 3 , 4 }   and    δ ρ  = 1  , the domain for the number of iterations in the first level of the pyramid is   N ∈ { 100 , 200 , 300 , 400 , 500 }   and    δ N  = 100  , and the domain for the smoothing level for the Gaussian distribution is   σ ∈ {  0.5, 0.6, …, 2.9, 3.0} and    δ σ  =   0.1. When a search in the neighborhood of a current solution generates solutions outside the domain of the parameter values, these solutions are discarded (not evaluated). Additionally, due to the linear complexity of the demon algorithm [12,29], each time a solution is explored, its performance is stored in memory. That way, if a search in the environment of a current solution generates already explored solutions, it is not necessary to repeat its evaluation and therefore speeds up the search process.



Table 1 presents a comparison between the initial solution and the local optimal solution obtained with the search process. The first column indicates each of the scenarios for liver CT scans, the second column indicates the correlation coefficient obtained with the initial parameters, and the third column indicates the correlation coefficient obtained with the local optimal parameters using local search. Scenario 1 is used as a control value because it corresponds to the fixed image and therefore its correlation coefficient must always be equal to one. An important result to highlight is that the obtained correlation coefficients are all better than the initial ones for all of the scenarios.



The values in bold identify the scenarios with the lowest correlation coefficients, which represent the level of performance of each solution. The lowest coefficient obtained with the local optimal parameters (Scenario 5) is greater than almost all of the coefficients in the initial solutions (7 out of 10 scenarios), except from Scenarios 1, 7, and 9. Additionally, for different parameter values, the scenario with the lowest correlation coefficient may vary. However, for the example shown in Table 1, Scenario 5 and 6 obtained the lowest correlation coefficients in both solutions.



The improved solution implies an improvement of 0.015 (1.6%) with respect to the initial solution, which is significant for radiotherapy and image analysis. This improvement can be voxels that represent tissue and therefore help make more precise contours of the organs in each scenario, reducing uncertainty in radiation therapy planning, i.e., calculation of delivered dose.



When comparing the default parameters provided by Matlab, we see that our observed values generate a better correlation coefficient. Figure 5, with CT scans of patients with liver cancer, shows how significant it is to search for the parameters that best fit the characteristics of the image by maximizing their similarity, in this case the correlation coefficient.



Now, given that each scenario shows a different form of the same organ, and the initial results show that the correlation coefficients not only depend on the three demon parameters but also on the considered scenario, the nonrigid registration can be used to estimate different DVFs in each scenario with different parameter values. Therefore, the local search process is adapted to find a parameter set for each scenario and compare the correlation coefficients and computation time with respect to the previously found parameters.



Two main characteristics were taken into account for the adaptation of the Fh algorithm in order to find the appropriate parameters for each scenario. First, the algorithm runs independently for each scenario, therefore it is not necessary to identify the scenario with the lowest correlation coefficient. The second adaptation is related to the computation time of the demon algorithm. In particular, this computation time depends on the chosen parameters. Taking this into account, a set of parameters that allow obtaining a faster solution may be preferable if the difference between the correlation coefficients is very small.



Due to the need of establishing a minimal difference between correlation coefficients that merits a given increase in computing time, professional medical judgment is introduced to determine the following analysis. Figure 6 shows the efficient frontiers (correlation coefficients on the horizontal axis and computation time on the vertical axis) where each point represents a determined combination of parameter values for demons. The same scales are used for the different plots per scenario in order to facilitate comparison and analysis. According to Figure 6, as we obtain better (higher) correlation coefficients, a greater computation time is required for executing the demon algorithm. In cases such as Scenarios 5, 6, 8, and 9, the maximum   S  c o r r    have a very high demand in computing time (more than 400 s). Additionally, the maximum CC for the 9 scenarios is reached in the interval [0.965, 0.97], which coincides with the highest computation times. A similarity value of 0.9600 is considered good enough in terms of the quality of the registrations and this is obtained in reasonable times in all the scenarios.



Now, according to the solutions obtained in each scenario, the set of points with    S  c o r r   ≥   0.9600 form discrete sets of solutions that allow for analyzing the solutions, obtaining a balance between the criterion for minimizing the registration time, and maximizing the correlation coefficient. Therefore, if we denote   T  m a x    and   S  m a x   c o r r    as the maximum computing time and the maximum correlation coefficient, respectively, obtained in each scenario, using the data shown in Figure 6, then we can establish the following intervals:    T  m i n   ≤ t ≤  T  m a x     and    S  m i n   c o r r   ≤  S  c o r r   ≤  S  m a x   c o r r    ,   S  m i n   c o r r    is 0.9600 or the lowest correlation coefficient greater than 0.9600 and   T  m i n    is the corresponding registration time.



Table 2 records the proportional increases in computing time (time increase ratio) calculated as     T  m a x   −  T  m i n     T  m i n    , the length of the correlation coefficient interval (CC interval length) calculated as    S  m a x   c o r r   −  S  m i n   c o r r    , and center value in the correlation coefficient interval (center of the CC interval). These values indicate how much the computation time should be increased for a given increase in the correlation coefficient, using the demon algorithm. For example, in Scenario 2, to increase the correlation coefficient by 0.0061units then the recommendation would be to use a set of parameters  ρ , N, and  σ  that require 3.5455 times longer. Scenario 4 requires the least time increase, requiring 52% times longer for an increase of 0.0050 (0.52%) units in the correlation coefficient. On the other extreme, Scenario 8 presents a potential increase of 0.83 units in the correlation coefficient (0.86%) and requires 24.24 times more time. The scenario that presents the highest rate of increase in the correlation coefficient with computation time is Scenario 7, where an increase of 70% in computation time generates an increase of 0.69% in the correlation coefficient. The above data corroborates that, although it is possible to improve the quality of the propagated contours using the demon algorithm, correlation coefficients around are good enough in relation to the computational effort. Figure 7 shows the impact and correlation coefficients with a difference of 0.0085 for Scenario 6.



Table 3 presents the parameter values for  ρ , N, and  σ  found with the local search algorithm for each of the breast CT scenarios. Very stable results are obtained for parameters corresponding to the number of levels in the smoothing pyramid  ρ  and the number of iterations in the first level of the pyramid N, which are   ρ = 1   and   N = 100  . However, for the parameters corresponding to the smoothing level for the Gaussian distribution  σ , the values differ significantly, varying between 1.5 and 2.9.



As expected, individually optimizing the parameters for each scenario using local search offers greater freedom and flexibility to find better solutions, that is, better performance with the demon algorithm. However, it is also important to highlight that given the proximity between the parameters found, the solutions for the different scenarios can be considered as neighboring solutions, which can have a positive impact on the neighborhood search in the local search algorithm.




3.2. Contour-Propagation Algorithm


Once a set of candidate parameters has been obtained to reach a DVF with an adequate registration, we propose to include Algorithm 1 in the matRad toolkit so that it reads the CT and SCT structures and estimates the contours of the organs in each scenario in such a way that it reduces the uncertainty in the dose calculation.



For experimentation with the proposed algorithm, breast CT scans are taken in 4-D format and the contour propagation of the six structures is estimated. It is assumed that Scenario 1 is the fixed image while the other scenarios are objective. The scenarios correspond to five gray-scale cubes of the thoracic area and each scenario corresponds to an SCT with the six segmented structures. In the implementation, the algorithm assumes that there is only segmentation in Scenario 1 and the goal is to estimate the structures in the other scenarios from the registration.






	Algorithm 1: matRad-contourPropagation



	
Input: CT scans for the n scenarios and SCT for the fixed scenario.



Output: CT scans for the n scenarios and SCT for the m structures.



for scenario   i = { 1 , 2 , … , n }   do



  Calculate DVF   u i  



end for



for structure   j = { 1 , 2 , … , m }   do



  Convert linear indices of SCT structure j for Scenario 1 into a cube (  x × y × z  )



  for scenario   i = { 2 , … , n }   do



   Apply   u i   to the structure j for scenario 1 to estimate structure j for scenario i



   Convert the cube of structure j for Scenario i into linear indices



   Store the structure j in the SCT for Scenario i



  end for



end for










Note that the algorithm calculates the contours of the structures in the different scenarios, regardless of the registration method you choose. This allows us to find the DVF with both demon registration and B-spline, using the same parameters for both methods. Figure 8 shows the steps in which each one of the registrations intervenes and the dependence that transformation   T *   has on the parameters found with the heuristic algorithm. The optimizer in the demons case is Equation (3) while for B-spline it is Equation (5) where the regularization term is Equation (8). The parameter  ρ  controls the amount of scaling to which the image is subjected to by its respective Gaussian filter, which allows for a noise reduction and thus obtains contours with minimal uncertainty.



Therefore, Algorithm 1 is executed with both registrations and its performance is measured with the Dice coefficient, obtaining the results shown in Figure 9.



With the demon-based Algorithm 1, the similarity value satisfies   D I C E ( A , B ) ≥   0.92, for each of the six structures (skin, right lung, left lung, contralateral sinus, CTV, and heart) in the five scenarios with breast CT scans. On the other hand, as explained in the methodology section, the similarity obtained with the B-spline-based algorithm allows one to calculate the DVF in terms of control points, which are the ones that ultimately generate the deformation in the B-spline registration. Additionally, it allows one to control the parameters  ρ ,  σ , and N, which are part of the input values. If the experimentation is carried out with the default values for the distances between control points, and the parameters for level of smoothing, the number of iterations and number of pyramid levels are modified according to Table 3, then the values of Figure 9 are obtained. From here we see that the lowest Dice value is obtained in the CTV structure in Scenario 5, with the B-spline Dice equal to 0.8312, while the demon Dice is equal to 0.9227.



A qualitative evaluation of the contour was previously performed in a similar study in which the propagated contours were rated as clinically acceptable, requiring minor editing. Although different deformable image registration algorithms were used, the contours of the structures were manually done by the professional medical oncologist, which allows Equation (10) to work and measure the similarity and quality of the structures’ registration.



Figure 10 allows for a visual comparison between the structures contoured by a professional medical oncologist (Figure 10a–d at the top) and the ones estimated by the demon algorithm (Figure 10e–h at the bottom). The images are organized in such a way that the contours corresponding to Scenario 2 (in both modalities) are observed on the left. As we move to the right side, we see the results until Scenario 5. Observe that the differences are very small.





4. Conclusions


In this article, we present a contour-propagation algorithm and a local search heuristic algorithm for its parametrization.



The proposed contour-propagation algorithm proved to be useful for CT scans with the conditions used in this study: a 10-image CT set of the abdominal area of patients diagnosed with liver cancer and a 5-image CT set of a patient with breast cancer. The computational experiments managed to obtain satisfactory results. From a quantitative point of view, we found Dice coefficient values to be higher. On the other hand, from a qualitative point of view, the professional radiation oncologist verified the quality of the resulting contours, which required only minor modifications.



Additionally, two registration methods were compared, demon and B-spline, to test the stability of the contour-propagation algorithm as well as the parameters found. Based on the Dice coefficient, the demon-based registration performed better; the lowest coefficient found with B-spline was 0.8312, while the lowest with demons was 0.9227. Additionally, the average B-spline value was 0.9344 while the average value found with demons was 0.9550.



The quality of the results obtained by the demon algorithm depends directly on the parameters used: the number of levels in the smoothing pyramid  ρ , the number of iterations in the first pyramid level N, and the level of smoothing for the Gaussian distribution  σ . In order to use appropriate parameter values, two local search heuristic algorithms were used that improved the performance of the contour-propagation algorithm with searches in the parameter domain.



The first version of the algorithm allows one to find a set of parameters to be used in all CT scenarios. The parameters found with this algorithm showed superior performance in relation to the default parameters used by the Matlab tool and the parameters found through manual experimentation. The second version of the algorithm performs the search process separately for each scenario. This second search strategy, since it is more flexible, improves the results obtained by the first. Additionally, in the second algorithm, we performed an analysis of the relationship between the registration quality and the computation time of the demon algorithm. This allowed us to find solutions that offer a balance between quality and computational effort.
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The following abbreviations are used in this manuscript:





	CC
	Correlation coefficient



	CT
	Computerized tomography



	CTV
	Clinical treatment volume



	DCS
	Dice similarity coefficient



	DVF
	Displacement vector field



	FFD
	Free form deformation



	MRI
	Magnetic resonance imaging



	MSE
	Mean squared error



	OF
	Optical flow



	SCT
	Segmented computed tomography



	VOI
	Volume of interest
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Figure 1. Image registration process. 






Figure 1. Image registration process.
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Figure 2. The images (a–d) are the CT scans with their corresponding meshes of control points (intersection between lines) with the corresponding deformation. 
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Figure 3. Images (a,c) are CTs of contours of the heart for different time frames. By segmenting this structure, a binary image can be extracted, as seen in (b,d), and their similarity can be found using Equation (10). 
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Figure 4. Converting linear indices 3, 4, 5, and 6 to subscripts of a   2 × 2 × 2   matrix. Source: MathWorks. 
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Figure 5. Comparison between correlation coefficients of the initial parameters and the default parameters in Matlab. Default values are:   N = 100  ,   ρ = 3   y   σ =   1.0. 






Figure 5. Comparison between correlation coefficients of the initial parameters and the default parameters in Matlab. Default values are:   N = 100  ,   ρ = 3   y   σ =   1.0.



[image: Applsci 12 08523 g005]







[image: Applsci 12 08523 g006] 





Figure 6. Efficient frontier coefficients, correlation coefficient vs. computing time, using local search algorithm. 
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Figure 7. Contrast between contour propagation with different correlation coefficients. The green and magenta colors show areas where the images do not match. 
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Figure 8. The diagram shows how each of the parameters intervene in order to obtain the optimal transformation in the matRad-contourPropagation algorithm. 
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Figure 9. Comparison between registrations with demons and B-spline for the 6 breast CT structures, using the Dice coefficient. 
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Figure 10. Comparison between the manual registration done by the professional oncologist and the registration made by the demon algorithm, for Scenarios 2 to 5 of the breast CT scans. 
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Table 1. Comparison between initial parameters and local optimal parameters.
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Scenario

	
Initial Parameters

	
Local Optima




	

	
Parameters




	
   N = 200   ,    ρ = 3   ,    σ =    2.5

	
   N = 300   ,    ρ = 2   ,    σ =    2.9






	
1

	
1.0000

	
1.0000




	
2

	
0.9562

	
0.9585




	
3

	
0.9538

	
0.9611




	
4

	
0.9540

	
0.9608




	
5

	
0.9495

	
0.9580




	
6

	
0.9430

	
0.9582




	
7

	
0.9629

	
0.9641




	
8

	
0.9575

	
0.9635




	
9

	
0.9619

	
0.9640




	
10

	
0.9576

	
0.9629











 





Table 2. Time increment ratio, correlation coefficient interval length, and center value correlation coefficient interval for Scenarios 2 through 10.
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Scenario

	
Time Increment

	
Correlation Coefficient

	
Correlation Coefficient




	
Ratio

	
Interval Length

	
Center Value






	
2

	
3.5455

	
0.0061

	
0.9658




	
3

	
2.2114

	
0.0051

	
0.9635




	
4

	
1.5268

	
0.0050

	
0.9646




	
5

	
5.4101

	
0.0050

	
0.9667




	
6

	
16.7341

	
0.0084

	
0.9657




	
7

	
1.7081

	
0.0066

	
0.9657




	
8

	
24.2389

	
0.0083

	
0.9648




	
9

	
21.8860

	
0.0065

	
0.9645




	
10

	
3.3256

	
0.0079

	
0.9626











 





Table 3. Set of candidate parameters for contour estimation in the 5 scenarios using breast CT scans.
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	Scenario 1
	Scenario 2
	Scenario 3
	Scenario 4
	Scenario 5





	  ρ  
	1
	1
	1
	1
	1



	N
	100
	100
	100
	100
	100



	  σ  
	1.5
	1.5
	2.6
	1.8
	2.9
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