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Abstract

:

Image registration is crucial in multimodal longitudinal skeletal muscle Magnetic Resonance Imaging (MRI) studies to extract reliable parameters that can be used as indicators for physio/pathological characterization of muscle tissue and for assessing the effectiveness of treatments. This paper aims at proposing a reliable registration protocol and evaluating its accuracy in a longitudinal study. The hips of 6 subjects were scanned, in a multimodal protocol, at 2 different time points by a 3 Tesla scanner; the proposed multi-step registration pipeline is based on rigid and elastic transformations implemented in SimpleITK using a multi-resolution technique. The effects of different image pre-processing (muscle masks, isotropic voxels) and different parameters’ values (learning rates and mesh sizes) were quantitatively assessed using standard accuracy indexes. Rigid registration alone does not provide satisfactory accuracy for inter-sessions alignment and a further elastic step is needed. The use of isotropic voxels, combined with the muscle masking, provides the best result in terms of accuracy. Learning rates can be increased to speed up the process without affecting the final results. The protocol described in this paper, complemented by open-source software, can be a useful guide for researchers that approach for the first time the issues related to the muscle MR image registration.
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1. Introduction


Skeletal muscle is one of the largest tissues of the body, accounting for approximately 45–50% of body mass, and besides its main biomechanical role in locomotion, it is also involved in physiological and pathological metabolic processes, such as oxygen (O2) consumption, energy metabolism, and substrate turnover and storage, and it is the major protein reserve of the human body [1,2]. Medical imaging techniques, such as Computed Tomography (CT) [3], Ultrasound (US) [4], Dual-Energy X-ray Absorptiometry (DXA) [5], and Magnetic Resonance Imaging (MRI) [6], allow to non-invasively evaluate skeletal muscle morphological and functional properties related to a broad spectrum of conditions.



MRI, in particular, has been gaining increasing importance in the diagnosis and follow-up of skeletal muscle disorders [7] due to its reproducibility, variety of contrasts, and the absence of ionizing radiation exposure [1]. In particular, MRI has been used in different applications to evaluate muscle changes due to strenuous physical exercise [8], aging [9], neuromuscular disorders and dystrophies [10,11], and atrophy [12], and can be also used to assess the outcome of motor rehabilitation after an adverse event [13].



T1- and T2-weighted conventional MRI sequences usually offer an insight into anatomy and gross muscular structure, provide a reliable measure of volume [14], and can be qualitatively linked to inflammation and fat infiltration [15], but they are mostly based on the training of the observer and their scales are semi-quantitative. More advanced acquisitions, such as Dixon, quantitative T2 measurements, diffusion MRI (dMRI), and diffusion tensor imaging (DTI), provide quantitative variables and more refined characterization of physiological or degenerative processes occurring in the muscular tissue [16]. In particular, Dixon sequences can quantify fat infiltration in muscles, whereas quantitative T2 values have been related to fat infiltration, edema, inflammation, and changes in fibers structure. DTI-derived parameters are sensitive to muscular modifications occurring after ischemia, exercise, denervation, trauma, and inflammation [17], whereas DTI-based fiber tracking can help in investigating many fundamental muscle architectural properties, including pennation angle, fiber tract length, and curvature [18]. Furthermore, perfusion and pseudo-diffusion parameters calculated by the Intravoxel Incoherent Motion approach are correlated with muscle perfusion during exercise [19].



Nowadays, both clinical evaluations and research studies often employ a multimodal acquisition approach and multiple time points. Longitudinal studies are crucial to assess even subtle changes occurring to muscle tissue in the time and require a robust protocol for image alignment and registration. Most of the specific literature regarding image registration is focused on other areas/organs such as the brain [20,21] and the cardiac parenchyma [22,23] and includes workflows and metrics [24]. However, detailed protocols and pipelines, including even more technical aspects, suited for skeletal muscle images are still missing.



Indeed, registration of skeletal muscle multimodal MR images remains a challenging task since muscle tissue cannot be considered a rigid body and its shape and volume can vary depending on both patient positioning and intrinsic anatomical variations occurring in the subject between two subsequent acquisition points. As a consequence, a subtle difference in position between MRI acquisitions (e.g., the angular position of the leg, the relative position of the coil on the thigh, the stress of the coil on the thigh) can lead to high intraindividual variability, thereby making registration difficult and often requiring the calculation of a deformation field. The same issue can become even more relevant in inter-subjects’ analysis given the high variability in muscle shape and limb fat among subjects.



Manual landmarks-based registration was previously employed in muscle images [25], but since the process requires the identification of numerous points of reference in the muscle volume, this approach is too time-consuming for studies involving longitudinal acquisitions or multimodal scans. Therefore, in clinical studies, either inter-subjects or longitudinal intra-subjects, the alignment is performed using automatic intensity-based registration, typically consisting of two steps: a first transformation—rigid or affine—and a second nonlinear transformation to account for eventual relative position mismatch or natural movements of muscles and joints [26,27,28,29]. However, to the best of our knowledge, the accuracy of muscle MRI registration and the effect of the registration parameters choice on the final result have not been fully investigated, limiting the muscle registration procedure in most cases to a qualitative subjective process. To overcome this limitation, the aim of the present study is the definition of a reliable registration pipeline for longitudinal multimodal MRI studies of skeletal muscle tissue and its validation through well-established accuracy indexes.




2. Materials and Methods


2.1. Subjects


Six subjects (4 males and 2 females; age: 15.3 ± 1.4 years) were included in this study. The subjects, affected by traumatic brain injury, were enrolled in an unrelated study focused on the effect of motor rehabilitation on functional recovery and were scanned at two different time points, pre- (t0) and post-rehabilitation (t1), approximately 30 days after the first session. All subjects gave their informed consent for inclusion before they participated in the study. The study was conducted in accordance with the Declaration of Helsinki, and the protocol was approved by the Ethics Committee of the IRCCS E. Medea, Bosisio Parini (036/16CE).




2.2. MRI Acquisitions


MR images were acquired at the IRCCS E. Medea (Bosisio Parini) using a 3T Philips Achieva dStream scanner (Philips Medical Systems NV, Best, The Netherlands) using a 16-channel body coil coupled with the 12-channel receiver coil embedded in the bed.



The acquisition protocol consisted of:




	
A fast field echo (FFE) T1-weighted sequence, acquired with resolution 1 × 1 × 6 mm3, 30 slices, echo time (TE) = 2 ms, repetition time (TR) = 620 ms, SENSE factor 2, number of averages (NA) = 2, acquisition time 2 min 35 s;



	
A Dixon FFE sequence for fat fraction (FF) quantification, acquired with resolution 1.6 × 1.6 × 6 mm3, 40 slices, 12 echoes, flip angle 3°, echo time (TE) = 1.2 ms, inter-echo time 2.7 ms, repetition time (TR) = 16.17 ms, SENSE factor 2, acquisition time 1 min 37 s;



	
A multi-echo spin-echo T2 sequence (MESE) with 15 echoes for T2 quantification, acquired with resolution 2 × 2 × 6 mm3, 40 slices, TE = 9.3 ms, inter-echo time 12.5 ms, TR = 14 s, SENSE factor 2, NA = 1, acquisition time 15 min 30 s;



	
A multi-shell dMRI echo-planar imaging (EPI) sequence including 14 volumes at b = 0 s/mm2, 6 directions each at b = 2, 5, 10, 20, 50, 100, and 200 s/mm2, 10 directions at b = 400 s/mm2, 15 directions at b = 700 s/mm2, 25 directions at b = 900 s/mm2, and 30 directions at b = 1100 s/mm2 Data were acquired with resolution 2.5 × 2.5 × 5 mm3, 20 slices, TE = 58 ms, TR = 4.5 s, SENSE factor 2, NA = 1, acquisition time 11 min 33 s. Fat suppression was performed using Spectral Presaturation with Inversion Recovery (SPIR) and Spoiled Gradient Recalled (SPGR) approaches.








The field of view was centered on the hip of the weakest thigh and its positioning standardized taking into account the femoral head. Muscles of the gluteal, lateral rotator, adductor, and iliopsoas group were included in the exam.



The total scan time amounted to about 30 min.




2.3. Registration and Image Processing Workflow


In this section, all the steps constituting the proposed image post-processing and alignment protocol for multimodal MR muscle images are described. A concise graphical representation is displayed in Figure 1.



	
As a very first step, all Dicom images obtained from the MRI scanner were converted to Nifti files with dcm2nii [30].



	
A further step was devoted to the generation of quantitative parametric maps at t0 and t1. Fat Fraction and T2 relaxation maps were obtained with an in-house script from the Dixon and the MESE T2 sequences, respectively; T2 maps were calculated voxel-wise fitting a standard mono-exponential decay through a least-square minimization approach [31], whereas Fat Fraction maps were estimated using the regularized field map formulation and graph cut solution [32]. Finally, DTI maps, obtained from the EPI multi-shell sequence, were generated using the ExploreDTI software (v4.8.6, University Medical Center Utrecht, Utrecht, The Netherlands) [33]. All the quantitative maps generation process was carried out in the MATLAB environment.



	
The headers of the estimated quantitative maps were systematically matched with the corresponding source image headers that were used as a reference. This step ensures the recovery of the correct geometrical orientation for the following registration steps.



	
To suppress the contribution of the subcutaneous fat, muscle volumes were selected using the semi-automatic segmentation tool of ITK-Snap (v3.8.0) [34] before registration and used as masks to calculate the similarity metric, as shown in Figure 2.



	
Finally, the voxels of the images were made isotropic to account for the sampling unevenness to improve the registration performance along the slice direction (final voxel resolution was 1×1×1 mm3).






The registration pipeline consisted of an intensity-based rigid and elastic deformation. The rigid deformation was chosen for the intra-session registration (i.e., all the maps were coregistered to the corresponding T1-w image), whereas the combination of the rigid and the elastic deformations was chosen for the longitudinal registration (t1 vs t0).



Considering their contrast, Signal to Noise Ratio (SNR), and resolution, morphological T1-w images were selected as references for both intra-session (rigid) and longitudinal registration (rigid + elastic).



The elastic registration was a classical Free-Form Deformation (FFD) based on cubic B-Splines. Mattes Mutual Information [35] was chosen as a similarity metric and a gradient descent-based optimizer in a multi-resolution strategy was used for both rigid and elastic steps of the registration pipeline. The complete parameter set-up is reported in Table 1.



The effect of different learning rates—a parameter that determines the step size of the optimizer at each iteration while moving toward a minimum of the loss function—were evaluated and kept stable for each iteration and multi-resolution step. As to the elastic step, different mesh sizes were also evaluated. The mesh size is defined as the number of polynomial patches comprising the finite domain of support, and its relationship with the number of control points in any given dimension is    mesh   size  =  n  c o n t r o l   p o i n t s   − s p l i n e   o r d e r .  



	
The initial rigid roto-translations was performed in three conditions:




	
Native resolution without selecting a mask (NM)



	
Native resolution with mask (M)



	
Isotropic voxels with mask (IM)











For each condition, we run the registration with five different learning rates: 1 (the default value in simple ITK), 3, 5, 10, and 15.



	
In a second step, a nonrigid transformation was used, based on b-splines, with a polynomial warping of the third order. We evaluated two learning rates—2 and 4—and four—3×3×3, 5×5×5, 8×8×8, and 8×8×4—and three—3×3×3, 5×5×5, and 8×8×8—different mesh size for the native and isotropic resolution, respectively.






To improve the rigid registration performance, Dixon Water Fraction images and the first echo of T2 MESE acquisitions were used for the rigid registration to the T1w. This choice was made taking into account the similarity in the tissue contrast and the best SNR, respectively.



Differently, DWI images were firstly stacked using the median value over all acquired volumes to enhance the signal-to-noise ratio [36] and get one representative volume. Subsequently, T1w images were rigidly registered on the representative volume since it was characterized by a smaller field of view. The inverse of the rigid transformation was calculated and applied afterward to the DWI images.



The roto-translation matrix and the estimated deformation field were finally applied to all the quantitative parametric maps.




2.4. Registration Software Implementation


All processing and registration steps described in paragraph 2.3 were incorporated in a Python-based (http://www.python.org) software (v3.7.0, Python Software Foundation, Beaverton, OR 97008, USA) and graphical user interface (GUI). A screenshot of the main window is shown in Figure 3.



The registration process and all registration-related functions were implemented using SimpleITK package [37], a simplified interface to the C++-based ITK library, whose design allows an easy wrapping for most interpreted languages, such as Python and R.



Miscellaneous functions for image processing and manipulation were implemented with SciPy, NumPy, Scikit-image, Matplotlib, Nibabel, and Nilearn. Support functions include accuracies indexes calculation as described in paragraph 2.5, header restoration, and evaluation of the running median using the “binapprox” method [38], running mean, and standard deviation [39]. The software allows to apply the estimated transformation to other images, and the GUI embeds a simple visualization tool to check the registration results.



The software developed in this study is freely available and can be downloaded at the following link: 10.6084/m9.figshare.13019579.




2.5. Registration Accuracy Assessment


Final images and metric evolutions were visually inspected by a bioengineer with a consolidated experience in muscular MRI images to assess the overall quality of the registration and to detect any large, noticeable issues with the transformation.



To give a quantitative assessment of the transformation accuracies, the surfaces of 4 representative hip muscles—gracilis, sartorius, gluteus maximus, and tensor fasciae latae—were manually delineated, slice by slice, on the T1w images (Figure 4) at both t0 and t1 separately with ITK-Snap [34]. Region of Interests (ROIs) volumes are listed in Table 1. Contours on t1 were then automatically deformed on the corresponding t0 volumes using the resulting transformation of each registration. Nearest-neighbor interpolation was applied to keep the integer values of the original labels.



Finally, an additional region was derived adding the volumes of all 4 muscles (Sum Region—SR).



The following indexes were then calculated:




	
Dice similarity index (DSI) [40], quantifying the agreement between contours according to the degree of overlap of their volumes. It ranges between 0 and 1, where 1 indicates a perfect overlap:










  DSI = 2 ∗    A    ∩    B     A    ∪    B    ,  



(1)












	
Mean surface distance (MSD), calculated in SimpleITK as the average symmetric distance between two contours A and B:










  MSD   A , B   =  1   n A  +  n B    (   ∑  a = 1    n A    d   a , B   +  ∑  b = 1    n B    d   b , A    ) ,  



(2)




where d(a,B) and d(b,A) indicate the shortest distances between an arbitrary voxel and the contours B and A, respectively, calculated using a 3D Euclidean distance transform.




	
Hausdorff distance (HD) [41], defined in SimpleITK as the maximum of the symmetric surface distance between two contours A and B [42]:










  HD   A , B   =   max      h   A , B   ,   h   B , A      



(3)




where


  h   A , B     =     max   a ∈ A     min   b ϵ B     a − b    



(4)




is the directed Hausdorff distance and A and B are, respectively, the set of non-zero pixels in the first and second input contours.



The accuracy metrics were evaluated considering the muscle ROIs, delineated at t0 and t1, having the original image resolution. Therefore, t1 ROIs were previously registered to t0 using the appropriate transformation matrix.




2.6. Statistical Methods


A Wilcoxon signed-rank test was employed for testing the differences in muscle volumes between t0 and t1. To compare the performances of the various registration schemes, we performed a Kruskal–Wallis test after each step. We then calculated the pairwise comparisons between group levels with the Benjamini and Hochberg correction for multiple testing. The agreement between a set of measures was evaluated with the Intraclass Correlation Coefficient (ICC) in the Two-way mixed effects, absolute agreement, and single measurement form [43]. All statistical analyses were performed with R version 3.6.2 (https://www.r-project.org/).





3. Results


The volumes of all considered muscles, as included in our ROIs and listed in Table 2, were not significantly different between t0 and t1 (p > 0.05) among subjects.



3.1. Accuracy Assessment for Rigid Registration


As shown in Figure 5, the overall registration performance metrics, calculated after applying the rigid transformations at different learning rates and considering the 4 ROIs together, were acceptable for both the NM and the IM condition, aside from IM with learning rate 1. DSI, in particular, was generally higher than 0.75, and MSD smaller than 2 mm, regardless of the learning rate. Regarding the HD, the values exhibited a wider variability among subjects, but again IM and NM schemes were the best choice. In general, IM presented the lowest variability in all the accuracy indexes.



As to the M condition, on the other hand, several cases showed a DSI < 0.6 and a MSD higher than 4 mm, and a much larger variation between observations was highlighted. Furthermore, in at least two cases, the registration failed to align the two images (DSI < 0.2). Considering its poor performance, M condition was not further considered for the non-rigid quantitative assessment.



Considering the accuracy metrics of the four muscles separately, as shown in Figure 6, the same trend of the aggregated regions, with a larger value of DSI and smaller values of MSD for NM and IM groups was found. Registration performances, taking into account all schemes of the rigid transformation, were notably better for muscles with larger volumes (e.g., gluteus maximus and tensor fasciae latae).



Since no statistically significant differences were found between the schemes of any group with Kruskal–Wallis H tests (DSI: chi-squared = 15.10, df = 14, p-value = 0.37; MSD: chi-squared = 11.67, df = 14, p-value = 0.63; HD: chi-squared = 2.99, df = 14, p-value = 0.99), NM with learning rate 15 (DSI: 0.760 ± 0.078; MSD: 1.582 ± 0.586 mm; HD: 23.529 ± 14.046 mm) and IM with learning rate 15 (DSI: 0.800 ± 0.039; MSD: 1.289 ± 0.39 mm; HD: 20.696 ± 11.447 mm) were both chosen as the first steps of the registration pipeline, favoring a larger learning rate to speed up the alignment process.




3.2. Accuracy Assessment for Rigid + Non-Rigid Registration


As shown comparing Figure 5 and Figure 7, the use of elastic registration following the rigid step improves the performance in each condition. Furthermore, registration performance metrics considering both the rigid and the non-rigid steps, evaluated with different learning rates and mesh sizes, were systematically better in the IM group. Kruskal–Wallis H tests showed that there were statistically significant differences in both DSI (chi-squared = 49.55, p <0.05, df = 13) and MSD (chi-squared = 49,32, p < 0.05, df = 13) but not in HD (chi-squared = 8.50, p = 0.81, df = 13). The analysis of ICC coefficients highlights a weak agreement (<0.5) between IM and NM conditions. P-values of pairwise comparisons and ICCs are shown in Figure 8.



Accuracy indexes of the NM group are generally better for the 3×3×3 mesh, regardless of the learning rate, and tend to worsen as the mesh grows denser.



In the IM group, on the other hand, the performance of the deformable registration is better with a thicker mesh and a larger learning rate. The best values of DSI and MSD are found for the IM with learning rate 4 and mesh size 8,8,8 (IM_lr4_ms888) (DSI: 0.862 ± 0.026; MSD: 0.784 ± 0.136 mm), while HD does not show substantial differences among the registration schemes.



Accuracy indexes for each individual muscle (Figure 9) show the same trend.



The images of a sample subject after all registration steps are shown in Figure 10. Multimodal acquisitions are shown registered on their intra-session T1-w scan.





4. Discussion


In the present study, a reliable pipeline for multimodal muscle MRI registration was presented. A quantitative assessment of the effects of various parameters of a multi-step registration approach was evaluated and open-source registration software, based on Python and SimpleITK, was developed to apply the proposed processing and registration protocol.



The main findings of the paper can be summarized as follows:




	
Rigid transformation is not sufficient to achieve a good registration performance in muscle MRI, and a second deformable step is needed.



	
In the first rigid step, the use of a masking strategy alone is not sufficient to obtain good results. Furthermore, the performances are poorly depending on the learning rates of the gradient descent optimizer and a larger learning rate is preferable to speed up the process.



	
Regarding the deformable transformation step, working with an isotropic voxel in combination with a masking strategy leads to better accuracy, and larger learning rates are preferable.








Based on the three accuracy indexes, measuring both overlap and distance between contours, we found that rigid transformation, alone, can produce results acceptable enough to avoid registration failures since the overall DSI was > 0.7 and the MSD < 5 mm. A DSI < 0.7 and an MSD > 5 mm were previously reported as the thresholds for considering registration failures [29,44]. To achieve a good level of performance (DSI > 0.8 and MSD < 1 mm), though, we found that a non-rigid transformation step is needed. This is particularly evident in the case of individual muscles with smaller volumes, which had lower DSI and higher MSD associated with a larger variability among subjects. The HD metric did not show significant differences and seems to be scarcely discriminating among different conditions. The elastic alignment is necessary to recover deformation that can occur in different sessions, whereas the rigid registration is adequate to recover the intra-session deformation as qualitatively shown in this paper.



Previous studies, clinical investigations [27,28], and atlas validations for muscle MRI registration and segmentation [29,45,46] highlighted the need to employ a deformable transformation after a rigid or affine one since skeletal muscles are prone to shape and volume variations, even in short periods, due to position, athletic training [47], atrophy induced by microgravity, bed rest, casts, leg braces or intrinsic pathologies [48], and temperature [49]. However, the lack of technical details and quantitative accuracy assessment is a weakness of the previous papers.



In our pipeline, we proposed to work with images having isotropic voxels. In fact, resolution of upper and lower limb MRI acquisition is generally highly anisotropic along the axial direction, this increases the partial volume effect [50,51] and, therefore, it affects the registration results. Our results showed that voxels isotropization has a slight but not statistically significant effect on rigid registration performances. On the other hand, we found that non-rigid registration carried out on images with isotropic voxels performed systematically better compared to images with native resolution. Interestingly, we also found that in the sub-optimal NM group the anisotropic mesh has the worst performances for both learning rates. Therefore, the resulting under-sampling along one direction most likely affects the non-rigid registration output, probably because the optimizer is more likely to reach a local minimum with an uneven sampling, and the loss of information along the more anisotropic direction compromises the intensity matching.



The masking approach used to focus the registration specifically on the muscle tissue without considering the confounding contribution of the surrounding tissues (such as subcutaneous fat) is effective if used in combination with the isotropic voxel condition. Previous papers have shown that suppressing the elements of no interest increases the accuracy and robustness of image registration in other anatomical regions such as the brain [52] and the lung [53].



Performance metrics calculated on the selected registration scheme are consistent with those reported in previous literature. Bouhrara et al. [49], in their ex-vivo experiment, investigating the effect of heating on bovine muscle, reported an MSD, calculated between couples of landmark points on six consecutive slices, ranging between 0.34 and 1.1 mm but with a higher image resolution. More recently, Le Troter et al. [29] reported, using clinical MRI, average DSI values ranging from 0.72 to 0.94. It is worth noticing that the muscle groups considered in the previous papers are different from those analyzed in this work.



While significant differences were found in the considered registration schemes, the paper is based on a limited number of subjects and not entirely representative of a usually studied population; this can mainly affect the variability of the results. Therefore, a wider group of patients, including also healthy subjects, can strengthen the significance of our results, and validation on different muscle groups could provide information on the robustness of the method even in other experimental settings.



The study is accompanied by an open-source software that is virtually extendable to the image registration of other body parts since the protocol could be easily adapted accordingly and the implementation of more features (e.g., non-gradient descent-based optimizers, finer evaluation metrics, or a regularization term) may be added to account for eventual peculiar characteristics of the specific anatomical district.



In conclusion, the present study is a first attempt to propose and assess a reliable pipeline for the automated intra-session and longitudinal muscle MR images registration, in a multimodal study. Using a robust image registration protocol is crucial to estimate accurate deformation fields to be applied to multimodal images or different contours for extracting reliable parameters from quantitative MRI-derived maps reducing the bias due to the manual ROIs delineation, especially in longitudinal studies. The protocol can be a useful guide for researchers that approach for the first time the issues related to the muscle image registration.
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Figure 1. Image processing and registration pipeline. 
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Figure 2. An example of the results of the masking step on T1-w MR images in 3 orthogonal views. 
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Figure 3. Main window of the graphical user interface (GUI) of the software, developed in Python, that complement the paper. 
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Figure 4. Muscle ROIs delineation on T1-w MR images in 3 orthogonal views. 
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Figure 5. Dice similarity index (DSI), mean surface distance (MSD), and Hausdorff distance (HD) values of the isotropic voxels with mask (IM), native resolution with mask (M), native resolution without selecting a mask (NM) rigid registration schemes. The accuracy indexes were evaluated considering the 4 muscle ROIs together. 
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Figure 6. DSI, MSD (mm), and HD (mm) for each individual considered muscle (Gluteus Maximus, Gracilis, Sartorius, Tensor Fasciae Latae) for rigid registration schemes. 
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Figure 7. DSI, MSD, and HD values of the IM, NM elastic registration schemes. The accuracy indexes were evaluated considering the 4 muscle ROIs together. 
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Figure 8. Statistical significance expressed as p-values of pairwise comparisons using the Wilcoxon rank sum test for (a) DSI and (b) MSD and intraclass correlation coefficients (ICCs) for (c) DSI and (d) MSD of the non-rigid registration step considering the 4 muscle ROIs together. 
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Figure 9. DSI, MSD (mm), and HD (mm) for each individual considered muscle (Gluteus Maximus, Gracilis, Sartorius, Tensor Fasciae Latae) for non-rigid registration schemes. 
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Figure 10. T1-w, T2 map, fat fraction, fractional anisotropy, and mean diffusivity map after intra-session rigid registration and rigid and non-rigid registration steps of a sample subject. 
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Table 1. Parameters chosen for the rigid and elastic image registration.
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	Rigid Registration
	Elastic Registration





	Transformation
	Euler transform (6 parameters)
	FFD based on cubic B-Splines



	Similarity metric
	Mattes Mutual Information
	Mattes Mutual Information



	Sampling strategy for metric evaluation
	50% of voxels randomly chosen
	50% of voxels randomly chosen



	Optimizer
	Gradient descent
	Gradient descent



	Number of iterations
	5000
	2000



	Minimum convergence value
	10−7
	10−7



	Number of multi-resolution steps
	3
	2
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Table 2. Subjects’ muscle ROIs volumes as manually delineated on T1-w images.
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Subject

	
Muscle Volume (cm3)




	
Sartorius

	
Gracilis

	
Gluteus Maximus

	
Tensor Fasciae Latae




	
t0

	
t1

	
t0

	
t1

	
t0

	
t1

	
t0

	
t1






	
1

	
33.5

	
33.29

	
11.65

	
12.80

	
330.80

	
351.30

	
41.80

	
42.82




	
2

	
30.66

	
30.34

	
15.83

	
15.90

	
306.80

	
309.50

	
31.39

	
37.79




	
3

	
18.22

	
19.43

	
12.76

	
15.41

	
316.50

	
296.00

	
14.82

	
17.00




	
4

	
15.40

	
18.71

	
11.15

	
13.98

	
351.50

	
346.30

	
40.96

	
37.85




	
5

	
40.02

	
51.32

	
12.93

	
11.58

	
588.20

	
610.00

	
69.50

	
72.93




	
6

	
23.32

	
26.21

	
21.83

	
28.94

	
326.60

	
353.10

	
26.48

	
30.07




	
mean

	
26.85

	
30.42

	
14.36

	
16.79

	
370.07

	
380.87

	
37.46

	
39.74




	
std. dev.

	
9.49

	
12.24

	
4.00

	
6.14

	
107.92

	
115.65

	
18.58

	
18.60
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