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Abstract. The development of fully automatic 3D segmentation techniques for 

abdominal organs in magnetic resonance (MR) datasets is a very challenging 

task in the domain of medical image analysis. Especially, for surgical applica-

tions and epidemiological studies well-designed segmentation strategies are re-

quired that incorporate intensity information of all available MR contrasts as 

well as edge information of organ frontiers. Prior organ shape information can 

be used to assist delineation between adjacent organs. In this work a variational 

edge alignment force is proposed to guide prior shape level set segmentation to 

outer organ frontiers. The edge alignment force is developed and tested for an 

existing 3D level set approach to segment renal parenchyma in MR datasets for 

an epidemiological study. Furthermore, the existing approach is extended to use 

additional parenchyma features of all MR contrasts for segmentation. MR-

intensity information of all MR contrasts are incorporated in probability maps, 

which are generated by using discriminant reduction techniques combined in a 

probabilistic Bayesian approach. A method to calculate probability maps in 

proband-specific kidney regions is presented. The presented extensions improve 

volumetric renal parenchyma results but can also be applied to segment other 

organs in MR datasets. 
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1 Introduction 

Advanced imaging techniques offer many possibilities to assist (bio)medical applica-

tions like surgical planning and modern diagnosis. However, medical imaging tech-

niques produce large amounts of medical data, which often requires elaborate tissue 

and organ segmentation by medical experts. In community medicine, medical image 

segmentation enables quantification of certain health-related properties in populations 

accelerating research insights in the domain of modern epidemiological science. This 

work is designed for renal parenchyma volumetry in an epidemiological study, in 

which MR data of probands are used to develop scientific findings about population-

based health properties concerning renal tissue functions. The algorithms, however, 

can also be applied in the clinical setting, where large numbers of patients undergo 

MR examinations. Since manual organ segmentation is very time-consuming and 

cannot be accomplished by radiologists in hospitals, automatic methods have to sup-

port organ segmentation in MR data. A new technique for probability map generation 

in proband-adapted segmentation regions for renal parenchyma tissue is proposed in 

this approach. Furthermore, a supporting variational outer cortex edge alignment 

force for more exact parenchyma volumetry in MR data is proposed. The used prior 

shape segmentation combined with the proposed variational outer organ edge force 

can also be applied to segment other organs. 

2 Related Work 

The literature shows that there exist several kidney segmentation approaches for 

CT data [1]-[4], but only very few for MR data, and previous work for MR data is 

developed for contrast enhanced MR examinations. For these type of MR data, graph 

cut techniques are used in [5] and in [6]. Contrast-enhanced MR time series are ap-

plied in [7] to segment rat kidneys. Song et al. [8] use a combined registration and 

segmentation method to segment 4D time series of contrast-enhanced MR images. 

The authors in [9] propose a deformable model, which combines signed distance map 

densities with grey value distributions calculated by an expectation maximization 

algorithm. However, those techniques for contrast enhanced MR data as well as exist-

ing work for CT data are not suitable for native MR data sets of large-scale epidemio-

logical studies, where contrast enhanced MR methods are rarely applied for ethical 

reasons. Furthermore, existing approaches for MR data are designed for kidney seg-

mentation but not for automatic volumetry of renal parenchyma, which requires to 

recognize and to exclude renal pelvis. The work of [10] proposes a fully automatic 

renal parenchyma segmentation framework. Prior shape level set segmentation is 

applied in stepwise refined 3D renal parenchyma probability maps and extended by 

stopping and attraction forces to fix the zero level set at outer parenchyma edges. This 

work applies several methods of [10] and proposes three extensions to improve the 

results for renal parenchyma volumetry. Since in [10] the authors use only a single 

MR contrast to generate probability maps, we propose an extended approach incorpo-

rating all available MR contrasts for probability map generation. This extension in-
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creases the number of parenchyma features for more successful segmentation. We 

develop a method to calculate proband-adapted regions, in which renal parenchyma 

tissue of individual probands is most likely located. Furthermore, we derive an outer 

cortex edge alignment force by using variational techniques, which results in a single 

attraction term. 

 

3 MR Data Acquisition 

Four different datasets were created using the VIBE (volume interpolated breath-

hold exam) sequence (Fig.1). The T1-weighted VIBE sequence [11] provides in- and 

out-phase as well as water- and fat-saturated images. TR = 7.5 (ms) and multimodal 

TE = 2.4/4.8 (ms) have been used in context with a flip angle of 10°. The voxel size is 

1.64 x 1.64 x 4.0 mm and the scan time has been 19 (s) for 64 slices. 

 

Fig. 1. Original MR images taken from a transversal slice of the VIBE measurements with 

selected organs and tissue types relevant for MR parenchyma segmentation marked in the im-

ages. (a) Normal weighting, (b) opposed-phase weighting, (c) fat-saturated weighting with 

MLKR for both kidneys depicted by dashed black contours, (d) water-saturated weighting. 

Frequently mentioned organs and tissue types in this work are labelled. 
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4 Description of the Method 

4.1 Training Phase Description 

Medical experts selected 50 denoised MR data sets of different probands and per-

formed manual segmentations for training which resulted in saved binary parenchyma 

masks. Regions for left and right parenchyma are determined as set unions of trained 

parenchyma masks, which contain most probably all parenchyma tissue of the pro-

bands of the study and are the most likely kidney regions (MLKR). Background 

voxels inside the MLKR (s. Fig.1 (c)) and in the vicinity of the renal parenchyma, that 

not belong to the parenchyma tissue, are stored in a parenchyma-background mask. 

Furthermore, liver masks and renal cortex masks for left and right kidneys are gener-

ated and saved. Samples are generated from the stored binary masks. Different to [10] 

the collected samples in this work consist of vector voxels representing the four dif-

ferent MR-weightings. Furthermore, characteristic 2D horseshoe-like forms of left 

and right parenchyma that can be found in inner transversal parenchyma slices are 

selected from the 50 training MR datasets and segmented manually by medical ex-

perts. Recognition of parenchyma forms using their inner horseshoe-like 2D forms 

supports the proposed refinement techniques of [10]. The parenchyma shape is repre-

sented as a trained signed distance map of the segmented regions and used in the prior 

shape level set segmentation step in combination with the method of [12]. 

4.2 MLKR Refinement 

The MLKRs of both kidneys are refined to exclude regions inside the MLKRs that 

most probably are no renal parenchyma regions. All trained renal parenchyma masks 

are aligned according to their centroids and the union set of all aligned parenchyma 

masks are stored in the database. We apply the Fourier descriptor method of [10] to 

recognize 2D horseshoe forms which are characteristic forms of inner transversal 

renal parenchyma slices. Hence, we use the centroid of all recognized horseshoe 

forms of a new proband as estimation of the proband’s renal parenchyma centroid. 

The stored union set of the aligned training shapes in the database is then aligned with 

the estimated centroid of the proband (Fig.2). The refined MLKRs (ref_MLKRs) are 

proband-adapted kidney regions to reduce possible oversegmentations into non-

parenchyma regions in subsequent segmentation steps. The ref_MLKRs are better 

adapted to the individual parenchyma regions of the probands’ MR datasets than the 

MLKRs proposed in [10]. 
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Fig. 2. MLKRs for left and right kidney as overlap regions of 50 trained parenchyma masks 

(green) and ref_MLKRs (blue). 

4.3 Probability Map Generation 

Two different probability maps are calculated and used for further segmentation steps. 

The collected samples of the renal parenchyma and the parenchyma-background sam-

ples inside the MLKR are used to generate parenchyma probability maps. Additional-

ly, liver-cortex probability maps for the whole MR data set region are calculated from 

the samples of the liver-cortex masks and their background masks. They are used for 

further parenchyma probability map refinement and for assisting the final level set 

segmentation step using the proposed, variationally derived segmentation force. Op-

posed to [10], who use only a single MR-weighting, we incorporate all the four avail-

able MR-weightings and combine dimension reduction with probability map genera-

tion. Linear discriminant analysis (LDA) [13] is used for linear dimension reduction 

(LDR), which reduces the dimensionality (n) of the samples from n=4 to n=1 by pre-

serving as much discriminant information between the given class distributions as 

possible in linear manner. 

Dimension reductions are performed for the two-class case of parenchyma and its 

background as well as for the two-class case of liver-cortex and its background. His-

tograms of the projected data are determined, which are smoothed using a convolution 

with a Gaussian kernel with standard deviation of 3.0. For both probability map gen-

erations the smoothed histograms are used to determine the likelihoods for the Bayes-

ian theorem. Consequently, parenchyma probability maps inside the MLKR are de-

termined by: 

 
( | ) ( )

( | )
( | ) ( ) ( | _ ) ( _ )

LDR

rpc LDR

LDR LDR

p I rpc pr rpc
P P rpc I

p I rpc pr rpc p I bg rpc pr bg rpc

⋅
= =

⋅ + ⋅
 (1) 
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where ILDR = ILDR(x,y,z) is the projected value onto the projection axis of the 

LDA calculated between parenchyma and parenchyma-background tissue for the 

vector voxel at position (x,y,z) in the MR dataset. p(ILDR|rpc) and p(ILDR|bg_rpc) 

are the like-lihoods determined by the smoothed histograms of the projected data. The 

a priori probabilities pr(rpc) of parenchyma and pr(bg_rpc) of the parenchyma-

background are determined by calculating their ratios in the MLKR of the trained 

binary masks. Similarly, liver-cortex probability maps are generated using a priori 

probabilities pr(lctx) for liver-cortex and pr(bg_lctx) for the background, determined 

by ratios of their sample occurrences inside the whole MR dataset region: 

 
( | ) ( )

( | )
( | ) ( ) ( | _ ) ( _ )

LDR

lctx LDR

LDR LDR

p I lctx pr lctx
P P lctx I

p I lctx pr lctx p I bg lctx pr bg lctx

⋅
= =

⋅ + ⋅
 (2) 

In this formula ILDR are the projected values after projection onto the projection 

axis that is calculated for the samples of the liver-cortex and the background classes. 

Compared to the probability map generation presented in [10], the Prpc map quality 

for usage in following segmentation steps is slightly improved (Fig. 3 (a) and (c)). 

However, the Plctx map quality is improved significantly showing clearer enhanced 

cortex tissue, which is a particular prerequisite to use outer cortex edge alignment 

forces in level set segmentation (Fig. 3 (b) and (d)). Furthermore, the probability map 

results show, that relevant information of parenchymal tissue types is well preserved 

by applying the proposed reduction technique. 

 

Fig. 3. Parenchyma probability map inside MLKRs (a) and liver-cortex probability map (b) 

produced by the method of [10]. Parenchyma probability map inside ref_MLKRs (c) and liver-

cortex probability map (d) produced by using (1) and (2) respectively. (e) Parenchyma proba-

bility map of (c) reduced by recognized liver part, (f) refined parenchyma probability map with 

modified probability values. The boundary of the starting surface for level set segmentation in 

the selected slice is also depicted. All results are presented according to the selected proband 

and slice of figure 1. 
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Liver part removal requires liver-cortex probability map generation for the whole 

MR data set region, since maximal cortex extensions are determined to distinguish 

liver from cortex tissue on distance maps of binary liver-cortex datasets. The liver in 

the binary liver-cortex datasets is then approximated to remove it in the parenchyma 

probability maps (Fig.3 (e)). Furthermore, probability map refinement in [10] uses a 

shrinkage algorithm in signed distance maps of binary parenchyma datasets to cause 

label separations. Labels depicting parenchyma voxels are recognized by using Fouri-

er descriptors of label boundaries in transversal slices that show the most similarities 

to the Fourier descriptors of the trained 2D horseshoe forms. Parenchyma probability 

maps are refined by reducing the probability values of separated labels according to 

the shrinkage distance, when their separation from the parenchyma including label 

occurred. This refinement technique incorporates knowledge about the degree of tis-

sue connections between parenchyma regions and low connected non-parenchyma 

regions (Fig. 3(f)). The surface of the remaining parenchyma including label, which is 

not separated by this algorithm, serves as suitable starting surface for the following 

level set segmentation step. 

4.4 Prior Shape Level Set Segmentation Using Variational Outer Cortex Edge 

Alignment 

The result of the previous step may still be erroneous (s. Fig. 3 (f)). Thus, a final seg-

mentation step is necessary to improve segmentation results. A level set segmentation 

method using prior shape knowledge [12] is adapted as final step for parenchyma 

segmentation. In [12] an energy functional consisting of a data-driven term (originally 

proposed in [14]) and a shape-driven term is proposed to perform segmentation. For 

this work, refined parenchyma probability maps are used as data-driven term and 

signed distance functions based on the surface of the binary training masks are used 

as prior knowledge of parenchyma shapes. The method proposed in [14] is based on 

intrinsic alignment, which means, that trained signed distance functions and evolving 

level set functions are compared by overlaying them according to their centroids. 

However, shape-driven and data-driven forces can have counteracting values produc-

ing oscillations, which will often result in local minima. Furthermore, in [10] it has 

been shown, that prior shape level set segmentation based only on intrinsic alignment 

may result in local minima that can be improved by using edge information of renal 

cortex tissue. Since in [12] and [14] variational formulations are used, in this work a 

variational formulation is derived for an improved outer cortex edge alignment. This 

results in a single force that can easily be combined with the approach of [12]. For the 

intended minimization the following energy functional containing the level set func-

tion  is used: 

 ( ) ( ) ( )( )2

, max , 0
hs

E P T d
ε

φ φ δ φ φ
Ω

∇ = − ⋅ ∇ + ∇ − Ω∫∫∫  (3) 
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To remove counteracting forces in negative distance regions near the zero level set, 

we use a modified version of the regularized Dirac function ( )ε
δ φ (originally pro-

posed in [14]), which continues constantly into regions with negative distance values: 

 ( ) ( )2 2
, 0

1 / ( ) ,

hs

otherwise

ε

ε
φ

π ε φδ φ

π ε

≥
⋅ +=

⋅







 (4) 

The gradients of the cortex probability maps are normalized by /
lctx lctx

P P P∇ = ∇ ∇

and reinitialization of the level set function produces normalized gradients φ∇ . This 

functional optimizes in regions of positive distance values adjacent to the zero level 

set the alignment between normalized cortex probability map gradients P∇ and gradi-

ents of the signed distance function φ∇ . The co-domain of the quadratic term lies in 

the range [0;4] and is influenced by the dot product of the normalized gradients. The 

more the gradients point in the same direction, the higher is the value of the quadratic 

term. Experiments show that the optimization using only the quadratic term 

( )2

Pφ∇ + ∇ instead of the maximum function in (3) may also result in local minima, 

where gradients have opposed directions. Thus, the effect of opposed directed gradi-

ents is removed by using a maximum function and the threshold T=2, which optimiz-

es alignments of gradients directed into same directions. Since previous segmentation 

steps result very often in starting surfaces that encircle parenchyma tissue, the thresh-

old of T=2 can be used to extract probability map gradients, that are aligned in the 

same direction with the signed distance map gradients and represent most probable 

outer cortex edges. The minimization of this functional is used to fix the zero level set 

in a small neighbourhood of the outer cortex edges. For minimization, the Euler-

Lagrange equation can be calculated (using ( )
2

M P Tφ= ∇ +∇ ≥ ): 

 

( ) ( ) ( )( )

( ) ( ) ( ) ( ) ( )

2

2 2

2 2

3

1

2 0

2
0 max , 0

2
0

i

i i i i i ihs

x

x x x x x x

i

M

P T

P P

ε

ε ε

φ
δ φ φ φ

ε φ

φφ
δ φ φ φ δ φ φ

ε φ=

⋅ =

−
⋅ ≥ ⋅ ⋅ ∇ + ∇ − −

+

−
⋅ ≥ ⋅ ⋅ + + ⋅ +

+

 
 
 

∑
 (5) 
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Fig. 4. Example of involved 3D forces shown for a 2D slice: (a) Fatsaturated MR-slice with 

zero level set depicted as dashed contour at the beginning of the level set segmentation. Data-

driven force (b) controlled by the refined probability map of (c) and shape-driven force (d) at 

the beginning of level set segmentation. (e) Enhanced outer cortex edges produced by the quad-

ratic term ( )
2

Pφ∇ +∇ of the proposed energy functional and (f) resulting outer cortex edge 

alignment force according to (5) at the beginning of level set segmentation. Final segmentation 

result in MR-slice (g) and final alignment force (h). 

By using gradient descent, (5) represents the outer cortex edge alignment force and 

can easily be combined with the shape- driven and data-driven forces of [12] and [14]. 

These three contributing forces in the final level set segmentation step are illustrated 

in Fig. 4. All forces are normalized and can be weighted individually. We tested sev-

eral weighting parameters empirically and found an appropriate value of 1.0 for all 

weighting parameters. 

5 Results 

We use to different quality measures to evaluate our results. In addition to the Dice 

coefficient (6), the volume error (7) is listed in Table 1, since the calculated paren-

chymal volume is used for further epidemiological investigations: 

 
( )

( ) ( )

2
T S

T S

N M M
DICE

N M N M

⋅ ∩
=

+
 (6) 

 /
s T S

VE V V V= −  (7) 

The dice coefficient and volume error is determined by comparing the voxel numbers 

(N) of automatically segmented binary masks (MS) with manually segmented binary 

masks (MT) of medical experts. Similarly, the volume error is calculated using trained 

volumes (VT) of medical experts and automatically segmented volumes (VS). 
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Table 1. Listed mean and standard deviations (Std) for volume error (VE) and DICE-

coefficient as quality measures for segmentation results for left and right parenchyma. Results 

of the work of [10] are listed in the upper table part for comparison. Segmentation results for 

the proposed work are shown in the lower table part. 

 

The results show that the three proposed extensions improve the fully automatic vo-

lumetry results for right and left renal parenchyma. In general, segmentation results 

for left parenchyma are worse than for right parenchyma. Liver part removal reduces 

segmentation errors only for adjacent right renal parenchyma and segmentation quali-

ty for left parenchyma is influenced by spleen tissue that shows similar probability 

values than renal parenchyma probabilities. Furthermore, we found out that probabil-

ity map quality produced by our method is superior, particularly, for cortex probabil-

ity maps (s. Fig. 3). The ref_MLKRs are better adapted to the individual parenchymal 

regions reducing erroneous segmentations into non-parenchymal tissue. Additionally, 

the variational outer cortex edge alignment force prevents level set evolution into 

non-parenchymal tissue of adjacent regions (s. Fig. 4). Since related work does not 

show results for renal parenchyma volumetry in native MRI-data a direct comparison 

with our method is only possible with the work of [10]. Comparing to the CT data 

results of [3], who report a mean volume error of 0.048 for right kidney segmentation 

and the CT data results of [4], who produce a mean volume error of 0.045 (left kid-

ney) and 0.052 (right kidney), our volumetric results are slightly inferior. 

6 Conclusion 

The proposed methods improve existing segmentation results for fully automatic 

renal parenchyma volumetry in MR datasets. LDA-based techniques can be used 

efficiently to generate dimensionality-reduced probability maps considering all avail-

able MR weightings. The presented method for MLKR refinement can be applied 

successfully to calculate segmentation regions that are better adapted to individual 

VE DICE VE DICE

Mean: 0,075 0,903 0,107 0,893

Std: 0,053 0,033 0,070 0,039

VE DICE VE DICE

Mean: 0,064 0,920 0,088 0,911

Std: 0,048 0,031 0,083 0,047

Renal Parenchyma Segmentation Method of [10]

Our Method

Right Parenchyma Left Parenchyma

Right Parenchyma Left Parenchyma
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kidney locations of probands. Probability refinement methods improve probability 

map qualities and provide starting surfaces for final level set segmentations. Particu-

larly, variational techniques offer a great potential to derive forces that can improve 

level set segmentation results. 

 

Stopping forces (as presented in [10]) can be incorporated as factorial extensions 

into the level set equation, however, the forces have to be weighted individually to 

control their combined effects for final level set segmentation results. Instead of com-

bining and coordinating individual alignment forces, variational techniques offer the 

possibility to derive a single alignment force in an optimization framework. A novel 

variationally derived outer cortex edge alignment force is presented here, which im-

proves the alignment between the zero level set and the outer cortex edges for renal 

parenchyma segmentation and produces better volumetric results for epidemiological 

studies than existing approaches in MR datasets. Since similar tissue properties of 

adjacent abdominal organs produce similar MR intensities, prior organ shape segmen-

tation models can be stuck in local minima. The presented outer organ edge alignment 

force reduces the vulnerability of prior organ shape segmentations to produce local 

minima as suboptimal organ segmentation results. 

 

The proposed MLKR refinement method is developed especially to improve renal 

parenchyma volumetry results. However, the presented methods for tissue-based 

probability map generation and variational organ edge alignment show great potential 

to be applied for other organ segmentations. 
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