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Abstract. 3D medical image segmentation is needed for diagnosis and
treatment. As manual segmentation is very costly, automatic segmen-
tation algorithms are needed. For finding best algorithms, several algo-
rithms need to be evaluated on a set of organ instances. This is currently
difficult due to dataset size and complexity.

In this paper, we present a novel method for comparison and evalua-
tion of several algorithms that automatically segment 3D medical images.
It combines algorithmic data analysis with interactive data visualization.
A clustering algorithm identifies regions of common quality across the
segmented data set for each algorithm. The comparison identifies best
algorithms per region. Interactive views show the algorithm quality.

We applied our approach to a real-world cochlea dataset, which was
segmented with several algorithms. Our approach allowed segmentation
experts to compare algorithms on regional level and to identify best algo-
rithms per region.

Keywords: Medical image segmentation · Visual comparison · Visual
analytics · Segmentation evaluation

1 Introduction

In medicine, detection of organs and organic structures in 3D images is an impor-
tant task during diagnosis and treatment. Manual segmentation is very expen-
sive as it requires expertise and is very time consuming. Therefore, automatic
segmentation algorithms are needed. The development of these algorithms is
difficult due to image resolution, image noisiness and organ variation.

The development of segmentation algorithms requires a detailed evaluation
of segmentation results and their comparison across various algorithms or algo-
rithm variations. The evaluation of segmentation quality often takes a set of
ground truth images (i.e., expert segmentations) and compares them to auto-
matic segmentation results. Then the segmentation quality is compared across
algorithms (see Fig. 1). It is important to identify where algorithms systemati-
cally fail and to identify best performing algorithms. This needs to be done on
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Fig. 1. Example problem: Need for comparing results of several algorithms, each seg-
menting multiple organ instances.

a local (per point or region) level, as some algorithms may perform better on
one part of the organ (e.g., top) and at the same time fail in other region (e.g.
bottom). In these cases, an expert needs to know in which part of the organ,
which algorithm is better suitable and how well it performs.

Current algorithm evaluation and comparison methods support the algorithm
assessment only in a limited way. Often one remains at a global evaluation, which
means that for each mesh a score is created that evaluates the algorithmic seg-
mentation. Since this only gives a rough overview of the quality, it does not
allow to see whether the algorithms have problems in specific regions. In con-
trary, local evaluation methods require a detailed inspection of each individual
result, without the possibility to compare the results algorithmically. A visual
comparison is in this case limited to several instances due to screen size. More-
over, it is time consuming and subjective. So there is a need for new methods
allowing for detailed comparison of segmentation quality for several algorithms.

In this paper, we present a novel method for comparison and evaluation
of several 3D medical image segmentation algorithms. Our approach combines
algorithmic data analysis with interactive data visualization. A specialized clus-
tering algorithm identifies regions of common quality across data set for each
algorithm. It thereby allows for comparison of segmentation algorithms on local
level. The comparison identifies best algorithms per region. Interactive views
show the algorithm quality on various levels of detail. We concentrate on algo-
rithms based on statistical shape models. These algorithms are widely used owing
to their robustness and good quality.
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We applied our approach to a real-world cochlea dataset which was segmented
with several algorithms. Our approach allowed segmentation experts to compare
algorithms on regional level and to identify best algorithms per region.

The paper is structured as follows. Section 2 presents related work in this
area. Section 3 details on our approach. Section 5 concludes and outlines future
work.

2 Related Work

We review related publications. We first review standard 3D segmentation eval-
uation methods used by medical imaging experts. We then focus on visual ana-
lytics methods for the evaluation of SSM-based segmentations. As our focus is
not on segmentation, we note that review of SSM based segmentation methods
can be found in [9].

Currently, medical image segmentation experts mainly employ two evaluation
methods: algorithmic and visual. Algorithmic evaluation relies on a set of global
metrics [8]. The metrics include Average Surface Distance, Maximum Surface
Distance or Dice Coefficient. The global measures provide only a coarse infor-
mation on segmentation quality. They do not discriminate between two results
which are badly segmented in different regions (e.g., top and bottom of an organ).
Visual inspection concerns individual instances shown in 2D and 3D views such
as ITK Snap (www.itksnap.org) or overlay the two meshes using transparency,
color-coded local distances between vertices, e.g., [2,5,6,13]. These views are
very detailed, but require manual inspection of all instances individually. They
are not suitable for several algorithms with multiple instances.

Visual Analysis for evaluation of segmentation results and comparative visu-
alization is the topic of several recent works reviewed in [7,11]. Some works
analyze the effect of segmentation parameters on the result (e.g., [14]). They
do not compare several instances for several algorithm results, which is in the
focus of our work. Other works focus on shape variability analysis [3,10] without
evaluating segmentation quality.

Cardness et al. [4] presented an interactive visualization system for analyzing
segmentation quality. Local segmentation quality view is combined with the
calculation of global segmentation quality metrics. This approach, however, does
not enable quality comparison. Von Landesberger et al. [11] presented several
methods for supporting creation and evaluation of medical image segmentation
algorithms. They show the distribution of global quality values across the dataset
and select instances with high or low quality values for detailed inspection. This
visualization compares only global quality values, it does not allow for comparing
local quality across the dataset. A recent publication [15] analyzes the progress of
segmentation quality during the segmentation process. It analyzes segmentation
quality for one organ in each segmentation iteration. This approach allows for
analyzing and comparing local quality improvements, but is constrained to one
sample. Quality comparison across samples or across algorithms is not possible.

www.itksnap.org
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3 Approach

We have developed an approach that consists of two types of visual evaluations
supported by quality-based clustering (see Fig. 2):

– Global Quality View : The data are globally evaluated in a scatterplot matrix.
It offers pairwise comparison of algorithm’s quality pro instance. It is based
on global quality criteria. It also allows to select instances for further regional
analysis.

– Quality-based Clustering : Quality-based clustering identifies regions with sys-
tematic quality characteristics across the test dataset. Clusters are then fur-
ther processed in order to determine algorithms with best output quality pro
region.

– Regional Quality View : Regional view shows the clustering and algorithm
quality results.

Global quality comparison

Cl
us

te
rin

g

Regional quality comparison

Fig. 2. Overview of our approach. First, global quality comparison in a scatterplot
matrix is performed. It offers pairwise comparison of algorithm quality pro instance.
Then clustering is performed to identify regions with systematic quality characteristics
and to identify best algorithms pro region. The results are explored in regional view.

Global Quality View: This view allows the user to compare algorithms for each
instance in a set (see Fig. 2). It provides first insights into an overall algorithm
quality and enables their comparison across algorithms. The comparison employs
common global segmentation quality measures, such as Hausdorff Distance and
Average Surface distance [8].

Global Quality view shows a scatterplot matrix of algorithm comparisons
(see Fig. 3). The scatterplots show pairwise comparisons of algorithms, where
the points are segmentation instances (see Fig. 4). Upper right matrix shows
comparison for average surface distance, lower left triangle shows results for
Hausdorff distance. Diagonal shows result quality pro algorithm. In each scat-
terplot, each X-axis represents quality of one algorithm, and the Y axis shows the
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Fig. 3. Global comparison view allowing for a pairwise comparison of segmentation
quality values across algorithms and organ instances in a dataset.

quality of another algorithm. The scatterplot allows the user to assess the qual-
ity of each segmentation (bottom left corner - good, upper right corner - bad).
It also allows to analyze which algorithm is better for a particular instance.

The user can use this view also for selecting instances for further regional
analysis. For example, the user can exclude outliers from further analysis.

Quality-based Clustering and identification of best algorithms: Landmarks of an
organ are clustered according to their quality values so that regions with sim-
ilar quality appear. We use a connectivity-extended hierarchical agglomerative
clustering. After the regions are detected, we automatically identify which algo-
rithms are best for each region. Suitable algorithms are those with low Average
surface distance in a region. As several algorithms can lead to very good and
similar results, we use a user-defined quality tolerance level for best algorithms.
For example, all algorithms with values less than the best algorithm value +
tolerance are deemed suitable for a particular region.

Regional Quality View: The regional quality comparison view allows the user to
gain an insight into which algorithms are suitable for which region of an organ.
It shows the results of a previous algorithmic analysis.

The regional comparison view shows the identified regions using a black bor-
der (see Fig. 5 left). Within each region, the best algorithm is indicated by a
color. If several algorithms are suitable for a region, then they are displayed
using weaving of colors within this region, as inspired by [12]. In this way, the
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Fig. 4. Explanation of global comparison view. The scatterplots show pairwise compar-
isons of algorithms, where the points are segmentation instances. Upper right matrix
shows comparison for average surface distance, lower left triangle shows results for
Hausdorff distance. Diagonal shows result quality pro algorithm. In each scatterplot,
each X-axis represents quality of one algorithm, and the Y axis shows the quality of
another algorithm.

Alg. 1 Alg. 2 Alg. 3

Fig. 5. Regional quality comparison
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segmentation experts can see which algorithms perform best on the organ and
in which region.

For a detailed quality assessment, the user can select a region and explore
quality values in an additional view (see Fig. 5 right). This view shows the quality
values of all landmarks within a region for all suitable algorithms. In this way,
the user can both assess the segmentation quality and compare the algorithm
qualities.

4 Application

Segmentation experts used our approach for comparing the quality of several
segmentation algorithms for cochlea. The input dataset consists of 20 cochlea
instances gained from a CT Scanner with an average intraslice voxel size of 0.18
and an average interslice voxel size of 0.38 mm. All instances have a manually
created ground truth segmentation. Automatic segmentations have been gener-
ated using three variations of the SSM-based algorithm by Becker et al. [1].

Global view (see Fig. 3) shows that average distance is lower than 0.3 mm,
thus the samples are very well segmented. All algorithms have broadly similar
result quality. As the samples (i.e., points) are close to the diagonal in most
scatterplots, there seem to be no large differences among algorithms. Looking at
the individual samples shows that samples 5 and 9 (S5 and S9) have the best
segmentation results. Interestingly, Sample 4 (S4) has extraordinary bad quality
according to Hausdorff distance for all algorithms, but it has “normal” quality
according to average distance. This indicates that this sample has good quality
on average, but has some badly segmented regions (see Fig. 6).

Sample 4

Fig. 6. Average and Hausdorff distance for all samples in the dataset. Sample 4 is an
outlier in Hausdorff distance, but not in Average Distance. This is due to one badly
segmented region (dark red) (Color figure online).

Regional view shows the regions on cochlea with similar quality character-
istics. The clustering algorithms identified 21 regions on cochlea. The largest
region is very well segmented by all three algorithms. It has a mean quality of
0.075 mm (see Fig. 5 bottom). The algorithm could also identify a very well seg-
mented region in the middle of cochlea. However, solely the Algorithms 2 and 3
have been determined as the best in this region (see Fig. 5 top).
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5 Conclusions and Future Work

We presented a new system for visual comparison of several segmentation algo-
rithms on a dataset containing multiple 3D images. Our approach allows the
user to analyze and visualize the quality of segmentation algorithms according
to local quality.

We applied our approach to a cochlea dataset segmented with three versions
of a SSM-based algorithm. Segmentation experts were able to assess the quality
of algorithms on a dataset.

In the future, we would like to extend the scalability of our approach.
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