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Introduction 
Dynamic contrast enhanced magnetic resonance imaging (DCE-MRI) is an emerging technique for a more accurate assessment of local renal 
function [1]. Analysis of DCE-MRI time series is typically based on manual delineation of regions of interest in the recorded images. However, 
such procedures are time consuming, expensive and error prone [2,3], and subject to intra- and interobserver variations. Automated methods 
mostly involves user interaction [4,5] or are based on model assumptions [6]. In this work we present a model free and unsupervised approach to 
renal compartment segmentation in 3D DCE-MRI data. Thereby self organizing maps (SOM) are utilized [7]. 

 
Materials and Methods 
Self organizing maps generate nodes on a two-dimensional grid. The distribution of these nodes on the grid corresponds to the distribution of the 
associated node patterns in feature space. Thereby, a mapping of a high dimensional feature space onto a 2D grid is reached maintaining the 
underlying topology of the feature space. Each node n on a N × N regular grid a prototype vector uk, k = 1, . . . ,N2 is assigned and initialized 
randomly. Then, a data sample xi is presented and the best matching node nκ (BMU) is searched. The uκ’s prototype vector is then updated 
according to its distance to the training sample. In addition, the neighbours’ prototype vectors on the grid are updated, too. This update process is 
controlled by a iteratively decreasing learning rate ε(t) and is described by the Kohonen’s learning rule [7] 
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where dij is the distance between nodes i and j determined by the neighbourhood relation. σ2 is an operating parameter, ε(t)exp(dij/ σ

2 ) is one for 
i = j, namely the BMU, and decreases when the distance becomes large. For analysis, the 3D+time data were transformed into a 2D matrix of 
size (# pixels x time points) and then processed using the SOM toolbox [8]. To evaluate the obtained maps the quantization and the topology 
error were calculated. The quantization error depicts the average distance between each xi and its BMU. The topology error describes the 
proportion of all data vectors for which first and second BMUs are not adjacent nodes. 

 
Results 
We applied our algorithm to four 3D DCE-MRI time 
series of different length, temporal, and spatial 
resolution, utilising a 1.5T and a 3T scanner. The number 
of nodes was set to N=7, ε(t) was linearly decreased and 
the number of iterations t=100*N2. The average 
quantization error was 0.5 and the topology error 0.11 
for all data sets. Fig. 1 depicts the clustering results for 
one kidney of the data sets. Similar results are obtained 
for the other examinations. 

 
Discussion 
A critical step towards (automated) estimation of kidney 
function is the correct estimation of the voxel time 
courses (VTC) as they serve as input for 
pharmacokinetic models to estimate e.g. GFR [9]. 
Self organizing maps combine beneficial properties like 
automated, unsupervised data exploration, model-free 
analysis, and the formation of sub and super clusters. 
These properties can be exploited for the analysis of 
renal DCE-MRI and the segmentation of the renal 
compartments. Thereby, compared to other proposed 
techniques [4,5], no manual interaction is needed. In Fig. 
1a), the renal cortex and the medullar could be identified. 
However, these structures are subdivided as visualized by the coloring. But the basic characteristics of the perfusion curves are preserved as 
shown in Fig. 1c) by the blue and purple voxel time course, only the relative intensities differ. This might be due to a locally different perfusion 
pattern which could also be observed in the original data.  Similar, the medulla was subdivided into several clusters (yellow-green) reflecting 
also different local perfusion. These initial results demonstrate that SOMs could be used on the one hand for a segmentation of the renal 
compartments but also, on the other hand, could give qualitative insights into local perfusion patterns of the kidney.   
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Fig. 1: Results of SOM analysis of a DCE-MRI data of a renal examination. a) depicts 
a color coding of the voxel according to their assignment to their BMU. The black 
rectangles depict ROIs used for calculating the voxel time courses in c). b) depicts the 
obtained SOM map (7x7). The distances between nodes and their coloring reflects the 
topology of the feature space. c) Voxel time courses for selected ROIs. In a)-c) the 
colors correspond.  
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