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Introduction: 
Magnetic resonance (MR) parameter mapping is a very useful quantitative analysis tool in disease diagnosis [1]. However the application of 
parameter mapping is limited by its long data acquisition time. To address this problem, several methods have been proposed to reduce data 
acquisition time [2-15]. In this paper, we model MR parameter mapping as a problem to recover a parametric manifold. A novel method is proposed 
to recover the manifold from undersampled data based on the parametric model. The method iteratively alternates between reconstructing the image 
series and recovering the parameters. The method is applicable to other quantitative imaging applications beyond MR parameter mapping.  
Method: 
In MR parameter mapping, the mth reconstructed image ۷௠ is directly related to 
the mth data acquisition ܌௠ that is formulated as: ܌௠ ൌ ۴௠܁௠۷௠ ൅	ܖ௠, where ۴௠ is the Fourier operator with a specific undersampling pattern at m, ܁௠ is a 
diagonal matrix representing the sensitivity map, and ܖ௠ denotes k-space noise. 
The image series ۷௠ can be modeled with parameters ρ and θ as: ۷௠ ൌ P௠ሺߠሻߩ, 
where P௠ሺߠሻ is a parametric function of ߠ, and also specifies scanning setting at  
the mth acquisition, and ρ is the parameter linearly related to the image. Both θ 
and ρ are the desired parameter that can be solved by the optimization problem: ൛ߠ෠, ොൟߩ 	ൌ argminఏ,ఘ ∑ ௠܌‖ െ ۴௠܁௠P௠ሺߠሻߩ‖ଶଶ୑௠ୀଵ . Initialization: Image 
reconstruction (convex): We first reconstruct the image series by solving [16]: ܫመ௠ 	ൌ argminூ೘‖܌௠ െ ۴௠܁௠ܫ௠‖ଶଶ ൅  መ௠ is the reconstructedܫ ௠ሻ, whereܫRሺߣ	
image, λ controls the weight of regularization. Total variation is used as the 
regularization term. Step 1: Projection onto manifold: The initialized images 

are projected onto a closest manifold using Pஐ൫|۷መ|൯ ∶ൌ argmin۷ ቄฮ|۷መ| െ ۷ฮଶଶ: ۷ ∈Ωቅ, where Ω is a manifold with parameter θ and ρ. ۷ includes a series of images  ۷௠ at all m, |۷መ| denotes the operation of taking the magnitude of ۷መ. The projection 
is equivalent to finding the parameters: ൛ߠ෠, ොൟߩ 	ൌ argminఏ,ఘ ∑ ฮ|۷መܕ| െ୑௠ୀଵ|P௠ሺߠሻߩ|ฮଶଶ. Step 2:  Projection onto the subspace with data consistency: The 

updated images series on the manifold are further transformed into k-space to 
enforce the data consistency constraint. Specifically, the image series are 
projected onto a subspace by maintaining the updated k-space data at the 
unacquired locations and replacing the k-space data at the acquired locations 
using a combination of the updated value and measurement [9]. The above two 
steps are then repeated iteratively until the result converges which is guaranteed. 
Results: 
The proposed method was evaluated using T1ρ mapping data from an in-vivo 
knee cartilage experiment. The T1ρ cartilage data was acquired from a GE 
Healthcare 3.0 T scanner with 8 coils using MAPS pulse sequence. The scanning 
parameters are: TSL = 0/2/4/8/12/20/40/80 ms, field of view = 140 mm, matrix 
size PE×FE×Echo×Slice = 128×192×8×28, slice thickness = 4mm, spin-lock 
frequency = 500Hz. Reduction factor of this experiment was 3. The proposed 
method was compared to compressed sensing based method which uses principal 
component analysis as a linearization measurement that represents the nonlinear 
signal model by linear combinations of training data (CS-PCA) [3]. Figure 1 is 
the experiment result of T1ρ knee cartilage between CS-PCA and proposed 
method. At ROI, T1ρ parameter map estimated from proposed method is more 
accurate than that from CS-PCA. Figure 2 provides quantitative analysis of T1ρ 
values at six regions of interest in knee cartilage. Compared to CS-PCA, the 
proposed method improves the T1ρ accuracy by approximately 9%. 
Conclusion: 
In this paper, a novel manifold recovery method is proposed for MR quantitative imaging. Compared to the existing methods, the proposed method 
enforces the parametric model by projecting the reconstruction to its closest manifold and enforces data consistency at the same time. Both 
simulation and experimental results show the potential of highly accelerated quantitative imaging by the proposed method. 
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