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Abstract

In the context of current surgical techniques, the classification of 3D organs based on two-dimensional

cross-sections is a decisive and still challenging task. The goal of this paper is to explore an approach to

address this problem. By this means, the expectation is to go further in the direction of patient-specific

surgery. Based on two-dimensional image data, we analyze different clustering results assuming specific

evaluation criteria. By doing so, a determination of the most appropriate number of clusters is possible.

As an example, we use this method to classify the shape of the neck of the pancreas of humans, which

is relevant for different types of distal pancreatectomy. Hereby, scaling issues of the available data are

a key point. Therefore, an overall protocol needs to care for comparable data.

1 Introduction

A common goal in data analysis is to cluster a given data set into different groups. This has become
increasingly important in different application fields, for example in medicine in order to group different
human organs based on their shapes.

The general idea of clustering is to partition a given data set X ⊂ Rd into k ∈ N different groups, called
clusters Ci, i = 1, . . . , k. The latter are represented by their centroids ci, i = 1, . . . , k and the partition is
denoted by C.

Hereby, two main goals are pursued: Points within one cluster should be close together. Simultane-
ously, two different clusters should be far from each other. There are different ways to quantify these
distances, e.g. for intra-cluster distances we can use the average distance of different points in this cluster
or the average distance of the points to the centroid of the cluster. Further, for inter-cluster distances we
can choose the minimal distance of the centroids or the average distance to the nearest neighbor and so
on. Hereby, the distances can be measured in arbitrary metrics. It is important to mention that these
goals should be both pursued at the same time. Otherwise, the optimal number of clusters may always
be one, if we only want to maximize the inter-cluster distances. If we instead only want to minimize the
intra-cluster distances, it may happen that we get as many clusters as we have data points.

In different clustering approaches, different metrics are defined and the resulting clustering is chosen
in such a way that we go further in the direction of minimum intra-cluster distances and maximum
inter-cluster distances. As it turns out no metric is significantly better than the other, but not all of the
mentioned metrics can be optimized. In order to obtain better results, one should have a closer look at
supervised learning approaches.
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2 Clustering with k-means++ Algorithm

In this section, we have a closer look at the following objective function

φ(C) =
∑
x∈X

min
ci∈C
‖x− ci‖2,

which should be minimized by choosing the k centroids ci of the corresponding clusters Ci, i = 1, . . . , k
in an appropriate way.

Since this is an combinatorial optimization problem, it is NP-hard to solve it exactly. A possibility
to overcome this problem is to use an iterative scheme which yields a locally optimal solution. This is
done by the k-means clustering algorithm [1] consisting of an initialization and an update procedure.
In the standard k-means algorithm by Lloyd [6], the initial centroids are chosen in an arbitrary way.
An extension of this algorithm, called k-means++ algorithm, developed by Arthur and Vassilvitskii [1]
aims at finding better starting values and then uses the remaining update routine of Lloyd’s algorithm to
minimize φ. This results in Algorithm 1, whereby D(x) denotes the shortest distance from a data point
x to the closest centroid ck that is already chosen.

Algorithm 1: k-means++

begin

/* Initialization of centroids */

Choose an initial centroid c1 uniformly at random from X
for i ∈ {2, . . . , k} do

choose the centroid ci by selecting ci = x′ ∈ X with probability P (x) ∼ D(x)
2

/* Update scheme */

while C changes do
for i ∈ {1, . . . , k} do

Ci ←− set of points in X that are closer to ci than they are to cj for all j 6= i

for i ∈ {1, . . . , k} do

ci ←− centroid of all points in Ci: ci =
1

|Ci|
∑

x∈Ci
x

Characteristics. The algorithm is widely used in practice due to its speed and relative accuracy. No
clustering will be repeated during the course of the algorithm since the potential function φ is monotoni-
cally decreasing. Further, the algorithm will always terminate because there are at most kn possibilities
of determining clusters, where n denotes the number of samples. This implies the convergence of the
k-means++ algorithm, but a global convergence can not be guaranteed as the results depend on the
starting values. In practice, only a few iterations are usually required which makes the k-means algo-
rithm very fast and therefore attractive.

Unfortunately, there are many examples for which the algorithm generates arbitrarily bad clusterings,
meaning that there is unsatisfying accuracy. However, by choosing appropriate starting values using
k-means++, desired approximation can be guaranteed. The algorithm remains fast and simple. Arthur
and Vassilvitskii [1, Section 3] proved that the total error compared to the ground truth clustering in
expectation is at most O(log k) which is a tight bound. In fact, they proved that this holds only after the
initialization of the algorithm above. The update step can then only decrease φ.

Since the solution of k-means++ depends on the starting values, it is possible that only local minima
are reached. This is related to the fact that the set of data should not contain too many outliers since
the algorithm can not detect them and the resulting clusters would probably be displaced. In order to
find a good clustering, the algorithm has to be replicated and the solution with the lowest total sum of
distances, meaning the minimizer of φ(C) over all replications has to be chosen.

Another disadvantage arises from the fact that the number of clusters k has to be chosen a priori
as the k-means++ algorithm needs k as an input. Since the number of clusters is often not known in
applications, there are several strategies to find an appropriate number of clusters only based on the data.
This is done by choosing different metrics for the intra- and inter-cluster distances and try to find the
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best possible clustering result among different numbers of clusters based on these metrics. The goal of
this paper is to examine the most appropriate number of clusters for our application of clustering shapes
of human organs by the example of the pancreas. We will have a closer look at some of these distance
functions in the next section.

3 Clustering Evaluation

As already mentioned, the k-means++ algorithm gets the number of clusters k as an input. From an
application point of view, the best possible number of clusters is often not known a priori. Indeed, one
goal of this paper is to evaluate different clustering criteria and based on this, determine an appropriate
number of clusters. Obviously, the value of φ is not a good choice as a clustering evaluation value since φ
decreases as k increases. This is due to the fact that the more centroids of clusters exist, the smaller the
distances to the centroids become. In the following, we will explore four different clustering evaluation
criteria, which are based on the relation of intra- and inter-cluster distances. Hereby, the definition of the
distance functions varies among the different criteria.

3.1 Silhouette Coefficients

The first way to choose k is by using silhouette values. These values compare for each data point the
distance to the centroid and the distances to centroids of other clusters.

Description. For this purpose, generalized distances have to be defined in the following way, according
to Rousseeuw [7, Section 2] and Ester and Sander [4, pp. 65–66]: Let o be any object in the data set
X , and denote by A the cluster to which it has been assigned. Then, the following quantities can be
computed:

a(o) =
1

|A|
∑
x∈A
‖o− x‖2,

i.e. the average distance of o to all other objects of its own cluster A.
Considering now an arbitrary cluster Ci different from A yields:

d(o, Ci) =
1

|Ci|
∑
x∈Ci

‖o− x‖2,

i.e. the average distance of o to all objects of Ci.
After computing d(o, Ci) for all clusters Ci 6= A, the smallest of those numbers is selected and denoted
by:

b(o) = min
Ci 6=A

d(o, Ci).

The cluster B for which this minimum is attained is called the neighbor of object o. This is due to the
fact that it would be the closest competitor if o could not be accommodated into cluster A.

Definition 1 (Silhouette Value s(o)). Using these distances, the silhouette value s(o) of an object o ∈ A
is defined in the following way:

s(o) =


0 if a(o) = 0,

b(o)− a(o)

max{a(o), b(o)}
else.

It holds that

−1 ≤ s(o) ≤ 1 ∀ objects o ∈ A.
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Characteristics. The following situations can be helpful for obtaining a better intuition of the meaning
of s(o) assuming a(o) 6= 0:

1. s(o) ≈ 1: o is ‘well-clustered’,

2. s(o) ≈ 0: o lies equally far away from both, A and B, considered as an ‘intermediate case’,

3. s(o) ≈ −1: o is ‘misclassified’.

Therefore, s(o) measures how well object o matches the clustering at hand, meaning the closer s(o) is to
1, the better is the assignment of o to its cluster.

Plotting the points in the several clusters over the silhouette values for each of them, yields a silhouette
plot. Comparing several of these plots shows which division into clusters is probably most natural. Thus,
it is an indication of which number of clusters should be chosen. To be more precise, the average over all
|Ci| silhouettes of a cluster Ci, i ∈ {1, . . . , k} is a measure for the quality of the cluster. It is called the
silhouette width of Ci and is defined by:

sCi
=

1

|Ci|
∑
o∈Ci

s(o).

Definition 2 (Silhouette Width sk(X )). The silhouette width for the entire data set X for a given number

of clusters k is defined by:

sk(X ) =
1

|X |
∑
Ci∈C

∑
o∈Ci

s(o).

The larger the silhouette width for the whole set of data, the better is the clustering. Thus, sk(X )
is computed for all possible k and the maximum silhouette width is chosen and called the silhouette
coefficient.

Definition 3 (Silhouette Coefficient SC). The silhouette coefficient SC is defined as the maximum

silhouette width. In formulas, this reads:

SC = max
k

sk(X ), where k ∈ {1, . . . , n}.

The SC is a useful measure of the amount of clustering structure that has been discovered by the
respective classification algorithm.

Kaufman and Rousseeuw [5, Table 4 on p. 88] propose the following interpretation of the silhouette
coefficient:

SC Proposed Interpretation

0.71− 1.00 A strong structure has been found.

0.51− 0.70 A reasonable structure has been found.

0.26− 0.50 The structure is weak and could be artificial;

please try additional methods on this data set.

≤ 0.25 No substantial structure has been found.

3.2 Caliński-Harabasz Criterion

Next, we will give an introduction in the clustering evaluation concept of Caliński and Harabasz [2]
established in 1974. This criterion is based on the so called variance ratio criterion. Hereby, the within-
cluster variance should be minimized, whereas the between-cluster variance should be maximized. We
give the definition of those measures.
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Definition 4 (Within-Cluster Variance CVW ). Considering a division into k clusters Ci, i = 1, . . . , k of

a given data set X ∈ Rd. Each cluster contains ni, i = 1, . . . , k points, where the centroids are denoted

by ci, i = 1, . . . , k. Then, the within-cluster variance CVW is defined as

CVW =

k∑
i=1

∑
o∈Ci

‖o− ci‖2,

where the inner sum is performed over all objects o ∈ Ci.

Definition 5 (Between-Cluster Variance CVB). Using the notations above and denote the overall mean

of the data set by c̄, then the between-cluster variance CVB is defined analogously:

CVB =

k∑
i=1

ni‖ci − c̄‖2.

Having these two definitions by hand, we can define the Caliński-Harabasz criterion.

Definition 6 (Caliński-Harabasz Criterion). The Caliński-Harabasz criterion CHk for k clusters, also

called variance ratio criterion, is given by:

CHk =
CVB
CVW

· |X | − k
k − 1

,

where |X | denotes the number of elements of the data set X .

Thus, for choosing the best possible number of clusters k, we compute for each clustering result the
Caliński-Harabasz criterion value and plot it against k. Then, k is determined in such a way that the
Caliński-Harabasz criterion value is maximized or at least has a strong increase compared to lower values
of k. If there are several local maxima, Caliński and Harabasz [2] suggest to choose the smallest of those
k in order to keep the computational costs at a minimum.

3.3 Davies-Bouldin Index

The following subsection describes the Davies-Bouldin index, which is first introduced by Davies and
Bouldin [3] in 1979. The latter serves as a basis for this subsection. The index is used to compare relative
goodness of different numbers of clusters. However, a good value does not mean that the considered
division in a given number of clusters is appropriate in absolute values.

The Davies-Bouldin index is based on the ratio of a measure of scatter Si within a cluster Ci and a
measure of separation Mi,j of clusters Ci and Cj , i.e. the relation of within-cluster and between-cluster
distances.

Definition 7 (Measure of Scatter Si). We consider a data set X ⊂ Rd partitioned into k clusters

Ci, i = 1, . . . , k with centroids ci. Then the measure of scatter Si for cluster Ci is defined by

Si =
1

|Ci|
∑
o∈Ci

‖o− ci‖p,

where o ∈ Ci is an object in cluster Ci.

Often, p = 2, such that the norm is the Euclidean norm. Hereby, it is important that this choice
of distance function matches with the choice of metric done in the clustering itself in order to obtain
meaningful results.

Definition 8 (Measure of Separation Mi,j). Using the notations of the definition of Si, the measure of

separation Mi,j of two clusters Ci, Cj ∈ C is given by

Mi,j = ‖ci − cj‖p.
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In order to obtain a good clustering in relative terms, Si should be as small as possible and Mi,j as large
as possible. Further, the resulting measure for the within-to-between cluster ratio should be symmetric
and non-negative. With this, the Davies-Bouldin index and the corresponding within-to-between cluster
ratio are defined as follows.

Definition 9 (Davies-Bouldin Index). The Davies-Bouldin index introduced in [3] for clusters Ci, Cj ∈ C
is given by

DB =
1

k

k∑
i=1

max
j 6=i

Di,j ,

where Di,j describes the above mentioned ratio of scattering within clusters and separation between

clusters:

Di,j =
Si + Sj

Mi,j
.

If we consider different clustering results, i.e. different numbers of clusters k, the clustering results
with the smallest Davies-Bouldin index is the best. Thus, this index can be used to determine the value
of k in the k-means++ algorithm by plotting it against the number of clusters k. Then, k is chosen
such that this index is minimized. However, how good this clustering is in absolute values, can not be
determined using this evaluation method.

3.4 Gap Criterion

The last criterion we focus on here is the gap criterion which is a formalization strategy of the elbow
method. It is first published by Tibshirani et al. [8] in 2000.

Let Wk be an arbitrary error measure for a clustering approach given by

Wk =

k∑
i=1

1

2|Ci|
Di,

where

Di =
∑

o,o′∈Ci

doo′

denotes the sum of pairwise distances for all objects o, o′ in cluster Ci, i = 1, . . . , k. If this distance is the
Euclidean distance, it corresponds to the measure of scatter Si introduced in the Davies-Bouldin index.

If the error measure Wk is plotted against the number of clusters k, it often turns out that the error
measure at some point decreases rapidly and after that flattens remarkable. Tibshirani et al. [8] show
that such an

”
elbow“ is a marker for the best possible number of clusters k. To formalize this, the gap

value is introduced which compares log(Wk) with
”
its expectation under an appropriate null reference

distribution of the data“ [8].

Definition 10 (Gap Value Gap|X |(k)). Using the above error measure Wk, the gap value Gap|X |(k) is

given by:

Gap|X |(k) = E∗|X| [log (Wk)]− log (Wk) ,

where the expectation E∗|X| is determined by a sampling of size |X | from the reference distribution and

log(Wk) is computed using the data set X .

Then, the gap criterion works in the following way: We choose k in such a way that the gap value is
maximized. We note that this criterion works for arbitrary clustering algorithms using arbitrary distances.
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4 Application to the Pancreas

Exemplarily, we apply the k-means++ algorithm to cluster the form of a human organ, in particular
the neck of the pancreas. As a basis, we use computed tomography (CT) image data of three cross-sections
of 100 different pancreases of healthy patients. Hereby, we need mathematical quantities describing the
shape of the pancreatic neck, which is recorded by these images. As the shape of an object is independent
of its size, we need a mathematical quantity reflecting this. In other words, the required quantity has to
be scale-invariant in order to ensure comparable data, meaning that a relative quantity is needed. We
propose to compare the area of the circumscribed circle relative to the area of the cross-section of the
pancreas. We compute this relative area Arel,i, i = 1, 2, 3 in the following way:

Arel,i =
Apancreas,i

Acircle,i
,

=
Apancreas,i

π · (0.5 · dpancreas,i)2
.

(1)

This computation is firstly based on the measured diameter dpancreas,i, which is the largest distance of
two boundary points of the pancreas. Secondly, the area of the cross-section of the pancreas Apancreas,i is
computed using tools from image segmentation. To allow comparison, the images of the pancreases are
scaled such that dpancreas,i = 1 respectively.

Since the number of clusters is not known a priori, we examine the above mentioned evaluation criteria
in order to obtain estimates for the most appropriate value of k.

5 Numerical Results

We will present the results of the clustering evaluation methods described in Section 3, which we apply
to the data set of 100 data points for each of the three cross-sections of the pancreas. As the underlying
clustering method, we choose the k-means++ algorithm illustrated in Section 2. The data is given by the
computed relative area proposed in Equation (1).

After the numerical computation of the different evaluation methods, we are doing a post-processing
step by scaling the results of the different methods to the unit interval [0, 1] ∈ R. As in some methods,
we are maximizing and in others we are minimizing the evaluation criterion value, the corresponding
methods are rewritten in such a way that the most appropriate number of clusters k always is given by
the maximum value of the corresponding evaluation criterion. This is all done in such a way that we are
able to compare the different evaluation methods directly.

The four mentioned clustering evaluation criteria are implemented in Matlab using the function
evalclusters. As the example data set consists of only 100 data points, a division into more than 5
clusters seems not to be meaningful. Therefore, we restrict ourselves to the evaluation of clustering results
up to 5 clusters. We pointed out in Section 2 that the k-means++ algorithm depends on the choice of the
initial centroids, which is why it is not a deterministic algorithm. Thus, the results for the evaluation of
the clusterings may vary as well. In the numerical experiments, we replicated the k-means++ algorithm
1000 times. For all slices, the silhouette coefficient and the Caliński-Harabasz criterion suggest to use
k = 5 clusters, which is the maximum number of clusters we considered. However, The Davies-Bouldin
criterion suggests to use k = 2 clusters and for the gap criterion, there is no consistent proposed number of
clusters to be chosen. We illustrate the distribution of the values for the different criteria in Figures 1— 3.

As a second approach, we combine all of the three cross-sections by introducing a three-dimensional
data vector Arel = (Arel,1, Arel,2, Arel,3) ∈ R3. Like before, we perform the k-means++ algorithm 1000
times and evaluate the respective clustering results using the four above mentioned evaluation criteria.
The corresponding results are given in Figure 4.
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Figure 1: Results for four clustering evaluation criteria computed for k = 2, . . . , 5 for the exemplary

first cross-section of the pancreas image data with 1000 reruns.
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(c) Davies-Bouldin Criterion DB.

2 3 4 5

Number of clusters k

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

G
ap

|X
|(k

)

(d) Gap Criterion Gap|X|(k).

Figure 2: Results for four clustering evaluation criteria computed for k = 2, . . . , 5 for the exemplary

second cross-section of the pancreas image data with 1000 reruns.
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(c) Davies-Bouldin Criterion DB.
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Figure 3: Results for four clustering evaluation criteria computed for k = 2, . . . , 5 for the exemplary

third cross-section of the pancreas image data with 1000 reruns.
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Figure 4: Results for four clustering evaluation criteria computed for k = 2, . . . , 5 for the example

of the 3D data Arel of the pancreas image data with 1000 reruns.
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6 Conclusion

The goal of this work was to explore different clustering evaluation criteria for the classification of the
shape of different solid human organs.

We illustrated the underlying k-means++ algorithm, followed by descriptions of four different evalu-
ation methods consisting of the silhouette coefficients, the Caliński-Harabasz index, the Davies-Bouldin
index and the gap criterion. Thereby, no evaluation measure works better than the others since all of
them use a different underlying metric for describing the intra-cluster and inter-cluster distances.

The methods were exemplarily applied to a data set which corresponds to the description of three cross-
sections of 100 healthy human pancreases. In this case, we introduced a relative quantity, called relative
area, to cluster the data. This was an essential step to overcome scaling issues and to care for comparable
data. In summary, the clustering using the k-means++ algorithm was possible. The silhouette coefficient
for each clustering shows that the underlying data has a reasonable structure. However, the determination
of an appropriate number of clusters is a non trivial task.

To further improve the surgical implications, the use of supervised learning approaches, like classifi-
cation methods, could be helpful. The main difference to clustering is that we introduce labels which are
assigned to each feature. By doing so, the found classes could be interpreted, which is not possible with
a clustering approach.
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