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Target Audience: neuroradiologist for tumour diagnosis, researches interested in image processing on fusion.  
Purpose: to propose an unsupervised multi-modality fusion method for MRSI and MRI data in brain abnormality diagnosis. 

Introduction: The potential of MRI is limited because of the variability of tumour visuality. MRSI has shown great potentials for detecting the 

tumour heterogeneity, however, with much lower resolution. We propose an data fusion method for brain tumor diagnosis taking the advantage of the 

MRI and MRSI. 
Fusion Methods: The observations X(S,I) can be approximated as linear combination. ( , ) ( ) ( )≈ +X S I W S H I N , . . 0, 0, 0.s t ≥ ≥ ≥X S I  

( )W S is the biochemical source and ( )H I is the high resolution spatial distribution. N represents for the additive noise; S and I are the observed 

information by MRSI and MRI, respectively. This multimodality fusion model can be solved by Hierarchical Alternating Least Squares3 (HALS) as a 

nonnegative matrix factorization implementation. The spatial distribution (0) ( )H S from the MRSI data was used as the initial value. During each 

iteration, the spatial distribution ( ) ( )kH S of the tissue-specific spectral sources can be estimated using the ( )kW from MRSI. Then, ( ) ( )kH S is fused 

with the image features I obtained from the high resolution MR image using the wavelet components. The fused spatial distribution ( ) ( )kH I is 

subsequently used to update the source spectra ( 1)k +W . The resolution of the estimated spatial distribution could be gradually improved with the 

accuracy of sources retained as much as possible. The number of sources was set to two. 

Materials: Both short-TE 1H MRSI and T2-weighted images were acquired from one patients with low grade glioma (patient 1) and glioblastoma 

multiforme (patient 2). The institutional review board approved this study. Written informed consent was obtained before participation in the study. 

MRSI data are preprocessed using SPID5 to remove the residual water components. The negative values from noise were set to zero because of the 

non-negativity assumption. T2-weighted images are interpolated so that one voxel in MRSI data corresponds to a matrix of 11×11 pixels. Two level 

wavelet transform was used to extract both the high and low frequencies of the images respectively, which was used as the features for fusion.  

Results and Discussion: Fig. 1 a) and Fig. 2 a) showed the 

abnormal regions (patient 1 for the tumour; patient 2 for the tumour 

and necrosis) estimated using only MRSI. The tumour edge is not 

well delineated because of the poor spatial resolution. The 

corresponding panels in c) – d) demonstrated the fusion result. Well 

correspondence can be noticed between the estimated tumour 

boundary and the specialist delineation. The fused spectrum still 

maintained the biochemical information (d). The fusion method can 

provide the tissue differentiation while maintain both high spatial 

distribution and high accuracy. 

Conclusions: An unsupervised data fusion method based on 

nonnegative matrix factorization for tumour diagnosis is proposed. 

The in vivo experiments demonstrated successful fusion between 

MRSI data and MRI in brain tumour.  
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