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Abstract. Prediction of CT substitutes from MR images are clinically desired 
for dose planning in MR-based radiation therapy and attenuation correction in 
PET/MR. Considering that there is no global relation between intensities in MR 
and CT images, we propose local sparse correspondence combination (LSCC) 
for the prediction of CT substitutes from MR images. In LSCC, we assume that 
MR and CT patches are located on two nonlinear manifolds and the mapping 
from the MR manifold to the CT manifold approximates a diffeomorphism 
under a local constraint. Several techniques are used to constrain locality: 1) for 
each patch in the testing MR image, a local search window is used to extract 
patches from the training MR/CT pairs to construct MR and CT dictionaries; 2) 
k-Nearest Neighbors is used to constrain locality in the MR dictionary; 3) 
outlier detection is performed to constrain locality in the CT dictionary; 4) 
Local Anchor Embedding is used to solve the MR dictionary coefficients when 
representing the MR testing sample. Under these local constraints, the 
coefficient weights are linearly transferred from MR to CT, and used to 
combine the samples in the CT dictionary to generate CT predictions. The 
proposed method has been evaluated for brain images on a dataset of 13 
subjects. Each subject has T1- and T2-weighted MR images, as well as a CT 
image with a total of 39 images. Results show the effectiveness of the proposed 
method which provides CT predictions with a mean absolute error of 113.8 HU 
compared with real CTs. 
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1 Introduction 

Prediction of CT substitutes from MR images is important for dose planning in MR-
based radiation therapy [1] and attenuation correction in PET/MR [2, 3]. MR images 
have shown many advantages compared to CT for radiation treatment planning, such 
as reducing X ray irradiation and improving target delineation. However, MR images 
do not contain electron density information which is needed for dose calculations in 
radiotherapy. In addition, PET/MR has shown its advantages and been used in many 
applications. To accurately quantify the radionuclide uptake, PET images need to be 
corrected for photon attenuation. However, the signals in MR images are not directly 
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related to the attenuation coefficients of radiation. Given that CT intensity is directly 
related to electron density, CT images are usually used for MR-based dose planning 
and attenuation correction for PET imaging. Therefore, accurate prediction of CT 
images from MR images is highly desired for clinical applications. 

Recently, various methods for prediction of CT substitutes from MR data have 
been proposed. These methods mainly belong to two categories: segmentation-based 
and atlas-based methods. Segmentation-based methods [4, 5] usually classify voxels 
in MR images into different tissues, and assign linear attenuation coefficients or CT 
values. However, accurate segmentation is hard to obtain in some complicated regions 
such as the sinuses [3]. Atlas-based methods [1-3] usually use deformable image 
registration between training MR/CT pairs and the testing MR image to help CT 
predictions. These methods highly depend on the accuracy of the deformable 
registration results. In addition, many atlas-based methods [2, 3, 6] learn a regression 
from MR intensities to CT values, where a one-to-one correspondence between MR 
and CT intensities should be assumed. However, the relationship between MR and CT 
without any constraint is not a bijection, since materials such as air and cerebrospinal 
fluid have similar intensities in T1-weighted MR images but different CT values. 
Patch matching has shown its advantages on image synthesis and been applied in CT 
predictions [7]. 

In this study, a patch-based method for predicting CT substitutes from MR images 
is developed. Considering that the relationship between MR and CT intensities is not 
a bijection, we assume that MR patches and CT patches are located on two different 
nonlinear manifolds and the mapping from the MR manifold to the CT manifold 
approximates a diffeomorphism under a local constraint. In our study, we emphasize 
the locality on each manifold and propose local sparse correspondence combination 
(LSCC) to predict CT substitutes. The proposed method is evaluated on brain data for 
13 subjects using a leave-one-subject-out cross-validation. Results show that our 
method can generate promising CT predictions. 

2 CT Prediction by LSCC 

2.1 Basic Idea of LSCC 

Assumption I: Samples from different modalities are located on different nonlinear 
manifolds, and a sample can be approximately represented as a linear combination of 
several nearest neighbors from its manifold. 

Assumption II: Under a local constraint, the mapping from the MR manifold to the 
CT manifold : M→N approximates a diffeomorphism. 

Assumption I has been applied in many studies [8, 9], where an MR testing sample 
 can be linearly represented by its neighbors on the MR manifold:   ∑                           (1) . . ;  , 0;   

                          ∑ 1, 01 .  
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where , , … ,  is a dictionary which contains  MR training samples.  
is a coefficient vector.  is a set of  nearest neighbors of  in .  is the 
reconstruction error. The sum to one and non-negative constraints of coefficients 
ensure  is located in a small convex region on a hyperplane spanned by the closest 
neighbors [10], which ensures the locality of the linear representation.  

Based on assumption II, the mapping from MR to CT approximates a 
diffeomorphism under a local constraint (i.e., ).  is a dictionary which 
contains CT training samples with the same locations as samples in . Given that Eq. 
(1) constrains the linear representation in a local space,  is linear in this local region. 
Therefore,  can be written out of  and transferred from MR to CT: 

  (2) 

Combining  with  is used to predict the CT intensity at point  (Section 2.4). 
Assumption II is crucial in LSCC. Given that the mapping from MR to CT is a 

diffeomorphism,  can be transferred from MR to CT. Given two manifolds M and 
N, the mapping : M→N is called a diffeomorphism if it is differentiable and 
bijective, and its inverse 1: N→M is also differentiable. Based on assumption II, a 
local region on manifold M can be mapped onto a local region on manifold N by , 
wherein  is approximately linear. However, the relationship between the MR 
manifold and the CT manifold is not a bijection, since several materials have similar 
intensities in MR images but different CT values and vice versa. 

To support assumption II, four steps are used to emphasize the local constraint:  
1) for each patch in the testing MR image, use a local search window to extract MR 
and CT training samples; 2) use kNN to constrain the MR dictionary in a local space; 
3) delete outliers in the CT dictionary to ensure the locality; 4) use Local Anchor 
Embedding (LAE), which emphasizes the locality of the representation, to solve MR 
dictionary coefficients in representing the MR testing sample. Detailed steps of LSCC 
are shown in Fig. 1. There are three main parts in LSCC: local dictionary 
construction, local linear representation, and prediction. 

 

Fig. 1. Detailed steps of LSCC. 
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2.2 Local Dictionary Construction 

We use | 1, … , ; T1, T2, CT  to denote the training dataset, where  
denotes the number of training subjects and  denotes the image modality. For a new 
subject , we denote its T1- and T2-weighted MR images as  T1, T2). This 
step aims to construct MR and CT local dictionaries for each point in . Detailed 
procedures are described below: 

Dictionary Pre-selection: First, we rigidly align  T1, T2  to the space in 
training MR/CT pairs by using FLIRT in FSL package1. Then, we extract patch-based 

features 1  1 and 2  1 centered at point  in T1  and T2 , where  
denotes the number of points in the MR image patch. The patch-based feature is 
obtained by vectorizing the intensities of the image patch centered at . Feature 

vector 1  and 2  are combined to represent the final feature of , denoted as  1 ;  2 2 1. For point , we collect a set of patches within a local search 
window centered at  (i.e., red and green boxes in Fig. 1(a)) across all training 
images to generate an MR dictionary  and a CT dictionary . 

Dictionary Reselection: Assumption II requires a local constraint. This step aims to 
constrain the MR dictionary in a local space, where we use kNN to find  nearest 

vectors of  from  , thus generating a new dictionary 1, 2, … , 2 . Based on the k samples in , k CT 
correspondences can be obtained in  through the MR/CT image patch pairs, 
thereby generating CT dictionary 1, 2, … , , where  denotes the 
number of points in the CT image patch. 

Outlier Detection: In dictionary reselection, kNN is used to constrain the MR 
dictionary in a local space. To guarantee the locality in the CT dictionary, the outlier 
detection is performed to constrain CT training samples in a local space. 

Various outlier detection methods are available, such as kNN, local outlier factor 
[11], one class support vector machines [12], and cluster-based method [13]. After 
comparing different outlier detection methods, we choose k-means clustering 
combined with kNN to detect outliers in . We first use k-means to get a 
clustering center in  and further use kNN to find ç  nearest samples of the 
clustering center, constructing a new CT dictionary ç 1, 2, … , ç ç . 

Accordingly, we delete the samples in  with the same locations as the outliers 

in , obtaining MR dictionary ç 1, 2, … , ç 2 ç. 

                                                           
1 http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/ 
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2.3 Local Linear Representation 

Based on assumption I, we use the MR dictionary to linearly represent the MR testing 
sample. Various techniques are available to solve the dictionary coefficients. Sparse 
coding with L1 LASSO constraint [14] emphasizes the sparsity of the representation 
and uses training samples with non-zero coefficients to linearly represent the testing 
sample. Locality-constrained linear coding (LLC) [15] focuses on locality by limiting 
linear coding within a local space. Compared to LLC, LAE [10] adds a nonnegative 
constraint to the coefficients. In LAE (Eq. (1)), the reconstructed sample is located in 
a convex region on a hyperplane spanned by its closest neighbors. Given that locality 
is important in this study, LAE is used to ensure the locality of the representation in 
solving the dictionary coefficients. 

2.4 Prediction 

For point , we have an MR dictionary ç  and a CT dictionary ç . Both ç  and ç  are constrained to a local space, and they are assumed to be 

diffeomorphic (i.e., ç ç ). After using LAE to solve the MR dictionary 

coefficients,  can be transferred to the CT manifold based on Eq. (2). A vector  

can be obtained: ç , . Vector  is reshaped to an image patch  
(i.e., green grid in Fig. 1(f)) centered at  in the CT substitute CT. After predicting 
an image patch for each point, we weighted average the overlapped patches to obtain 
the CT prediction. The weight of point  in patch  is defined as: ω , , 0  1                          (3) 

where ,  is the Euclidean distance between  and . As  gets away from , 
the weight at  decreases, which means that the image patch makes a greater 
contribution in predicting the central points than the peripheral points. Finally, the 
predicted CT intensity at  in CT is calculated as: 

CT ∑ ω∑ ω                                 (4) 

where  is a point in patch .  is the intensity at point  in patch . 

3 Experimental Results 

We applied the proposed method to 13 subjects. Each subject has T1- and T2-
weighted MR images and a CT image. Necessary pre-processing was applied to all 
images in the dataset. The N3 package2 was used to remove bias field artifacts from 
the MR images. Intensity normalization of the MR images was performed to reduce 
the variance across images from different subjects. The head in each CT image was 
                                                           
2 http://en.wikibooks.org/wiki/MINC/Tools/N3 
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separated from the bed using a thresholding technique as used in [3]. Our method was 
evaluated in a leave-one-subject-out cross-validation, where the CT substitute was 
compared to the real CT by calculating the mean absolute error (MAE) in Hounsfield 
units (HU) for all voxels in the brain volume. 

3.1 Performance of Using Multimodality MR Images 

To evaluate the impact of using different modalities, the performance is evaluated using 
only T1 or T2, and T1+T2. Statistical results are shown in Fig. 2. Mean  standard 
deviation MAEs obtained using T1, T2, and T1+T2 are 124.6  14.2 HU, 123.9  17.1 
HU, 113.8  16.8 HU, respectively. The mean MAE using T1 and T2 images is 10.8 
HU/10.1 HU lower than that of using a single T1/T2 image (paired -test;  < 0.001). 
Using a single T1 or T2, there is no statistically significant difference between the results 
(paired -test;  > 0.05). 

 

Fig. 2. MAEs of all 13 subjects obtained by using T1, T2, and T1+T2 images. 

Fig. 3 shows the results of one slice obtained using T1, T2, and T1+T2. The first 
row shows the real CT image, CT substitutes obtained by using T1, T2, and T1+T2, 
respectively. The second row shows T1, T2, and difference images by using T1, T2, 
and T1+T2, respectively. The left scale bar shows the intensity distribution of real and 
substitute CT images and the right scale bar shows the values in difference images. 
Red in the right bar means a higher intensity in the real CT image and blue indicates a 
higher intensity in the CT substitute. 

 

 

Fig. 3. Results of one slice generated by using T1, T2, and T1+T2 images. MAEs obtained by 
using T1, T2, T1+T2 are 95 HU, 89 HU, 83 HU, respectively. 
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3.2 Comparison with the Relevant Methods 

The proposed LSCC is compared with Burgos et al.3[3] and Ta et al.[16]. Burgos  
et al. [3] also considered the local information and used the local image similarity 
measure to match between a given MR image and each of the MR/CT pairs in CT 
prediction. Ta et al. [16] combined patch matching with label fusion, which can be 
used in CT prediction by replacing label fusion with CT intensity fusion. Since the 
testing image is a single MR image in Burgos et al. [3], we compare these three 
methods using a single T1 or T2 image. Results obtained by Burgos et al. [3], Ta et 
al.[16] and LSCC based on T1 and T2 are shown in Fig. 4 (a) and (b), respectively. 
The mean  standard deviation MAEs of all subjects using T1 by Burgos et al. [3], Ta 
et al.[16] and LSCC are 146.5  25.6 HU, 134.8 14.4 HU and 124.6  14.2 HU, 
respectively. When using T2, the mean   standard deviation MAEs obtained by 
Burgos et al. [3], Ta et al.[16] and LSCC are 140.2  26.0 HU, 133.2  18.2 HU and 
123.9  17.1 HU, respectively. LSCC achieves significantly lower MAEs than the 
other two methods, which would bring an improvement in PET reconstruction and 
radiation dose planning. 

 

(a)                                (b) 

Fig. 4. MAEs of all 13 subjects obtained by Burgos et al. [3] (blue), Ta et al.[16] (green) and 
LSCC (red) using the T1 image (a) and T2 image (b) as the testing MR image, respectively. 

Fig. 5 shows the results by Burgos et al. [3], Ta et al.[16] and LSCC. The 
first/second row shows the results using the T1/T2 image. Columns (a) to (h) are real 
CT, T1 or T2, CT substitutes and difference images by Burgos et al. [3], Ta et al.[16], 
and LSCC, respectively. Improvements by LSCC are shown in red arrows. 

 

 

Fig. 5. Results by Burgos et al. [3], Ta et al. [16] and LSCC based on the T1 or T2 image. 

                                                           
3 http://cmictig.cs.ucl.ac.uk/niftyweb/program.php?p=PCT 
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4 Conclusion 

This study presents a novel method for the prediction of CT substitutes from MR 
images. In the proposed LSCC, we assume that MR patches and CT patches are 
located on two nonlinear manifolds, and the mapping from the MR manifold to the 
CT manifold approximates a diffeomorphism under a local constraint. Several 
techniques are used to constrain locality in both MR and CT dictionaries. The testing 
sample is locally represented by its MR dictionary. The coefficients are transferred 
from the MR manifold to the CT manifold and are further used to combine samples in 
the CT dictionary to generate CT predictions. Our method is evaluated for brain 
images on a dataset of 13 MR/CT pairs, and demonstrates superior performance 
compared to the competing CT prediction methods. 
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