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Abstract—Ship recognition systems use infrared imag-
ing technology at night or at poor wvisibility. On the in-
frared images taken in offshore environments three kinds
of regions can be distinguished: ship, sky and sea. For
the classification of ships the area in the image covered
by the ship contour has to be extracted. The purpose of
1mage segmentation is to partition an image into con-
stituent components for further processing such as recog-
nition. There are two main categories of segmentation
algorithms: supervised and unsupervised. Supervised seg-
mentation can be used where the features are known a
priori. These algorithms classify data inputs based on
training data sets or on user inputs, while unsupervised
segmentation is only based on the features in the cur-
rent data set. Because the features are unknown and
the procedure should be independent from user interaction
to get reproducible results, unsupervised segmentation is
choosen. A very effective technique for unsupervised seg-
mentation is clustering. Therefore this paper investigates
common clustering algorithms for their suitability. The
Markov Random Field Model is found to deliver the best
results for segmenting infrared images but also has the
highest computational demand.

Keywords: Markov Random Field, Image Seg-
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1. Introduction

Infrared imaging technology supports military
and civil monitoring of navigation and ship
recognition systems. Ship recognition systemns
use the ship contour for classification which has
to be extracted from the infrared image. Mostly
this task is performed in offshore environments.
Due to their different temperature three kinds of
regions occur in the infrared images: ship, sky
and sea. The sea can be warmer than the sky
and vice versa. That does not matter, because
the ship is always the warmest region. Depend-
ing on the polarity the ship is the brightest or
the darkest region in the image (Fig. 1).

Former approaches allowing to perform a ship
focused segmentation of infrared images are
mainly based on histogram thresholding [1] [2].

Fig. 1. Example of a infrared ship image

These approaches were not applicable to our im-
ages, because of the poor image quality obtained
from the IR imaging devices. Other concepts
investigated at the Helmut-Schmidt-University
were based on a statistical approach [3] and on
region growing [4], but using image sequences to
identify the ship region. Because results should
be independent from user interaction modern
supervised image segmentation algorithms like
graph cut [5] cannot be used which can be appro-
priately adapted. Therefore this paper focuses
on unsupervised segmentation by clustering algo-
rithms. The clustering performance of K-means,
Fuzzy C-means, Gaussian Mixture Models and
Markov Random Field Models is investigated.

2. Clustering

Clustering is not only applicable in image seg-
mentation. It is a common approach for group-
ing data. Clustering algorithms try to organize
feature data into clusters using a given measure
of similarity. The feature data within a cluster
should be more similar to each other than to fea-
ture data belonging to other clusters. The dis-
tribution of the feature data and the number of
clusters are often unknown and therefore they
have to be estimated. The similarity measure
can also only be an assumption. Therefore there
is no single solution for clustering algorithms.



2.1. K-means Clustering

K-means [6] is one of the simplest unsu-
pervised data clustering algorithms.  Given
a certain number of clusters (K) the feature
data are grouped to K clusters based on the
cluster’s centroid. The algorithm attempts to
find centroids where the sum of the distances to
the clusters feature data will be a minimum.

The K-means algorithm works as follows:

1. Randomly choose K feature data as initial
centroids.

2. Assign each feature value to the cluster
that has the closest centroid.

3. Calculate the new cluster centroids.

4. Repeat steps 2 and 3 until the centroids no
longer move.

A common approach to find the distance be-
tween feature data is to use the Euclidean dis-
tance. Another distance model that can be used
is the Mahalanobis distance using the variance of
the cluster. The Mahalanobis distance from val-
ues with means g = {p,...,1n} and Covariance
matrix ¥ for = {z,,...,z,} is given by

D= /(@ =" £ (- p).

2.2. Fuzzy C-means Clustering

Another clustering algorithm is the Fuzzy
C-means (FCM) clustering [7] [8] based on the
fuzzy set theory by Zadeh [9]. In the FCM
approach, feature data can belong to more than
one cluster. The degree of membership of each
feature data to such a unsharp cluster can be
determined. The algorithm tries to minimize
the total distance between feature data and
cluster means weighted by the corresponding
membership values. For each point ¢ C' fuzzy
membership numbers w;; are derived. They
represent the degree of membership of ith
feature data to kth cluster with 1 <7< N and
1< j <C, where N is the number of feature
data and C' is the number of clusters.

The following is a description of the Fuzzy-C-
means algorithm, which can be found in [10].

1. Initialise the membership matrix
U©® = [u;;]Vi,Vj and set the iteration

index t to 0.
2. At step t calculate the new cluster center

vectors v!) = [v;] with the membership
matrix U®) by
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ing exponent.

3. Calculate the updated fuzzy membership
matrix U1 by using U® and v®

1
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where || -|| is any product norm.

4. I\ UHD —Uu®|| = maxij|u§§+l) —uz(»;)| <,
then stop, otherwise set ¢t =%+ 1 and con-
tinue with step 2. € is a termination

criterion between 0 and 1.

Like in the K-means algorithm the Maha-
lanobis distance can be used instead of the Eu-
clidean distance. This leads to the Gustafson-
Kessel algorithm [11], where additionally the
fuzzy convariance matrix is calculated after cal-
culating the cluster center vectors. The fuzzy
covariance for each cluster j is defined by
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2.3. Gaussian Mixture Model

A Gaussian Mixture Model (GMM) is the
weighted sum of different Gaussian distributions
representing different domains in feature space.
The probability density function of an observa-
tion « given M component densities is

M
p(z|0©) = ;ai -pi (]0;),

where © = (aq,...,ap,01,...,0)) contains the
parameters of the mixture PDF. «; are the mix-
ing coefficients and 6; are the parameters of the
densitiy functions p;. Each mixture component
is d-dimensional Gaussian distributed with mean



p; and covariance matrix ) ,:
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In clustering, GMMs can be used to esti-
mate the relative contribution of each domain
(or cluster) to the overall probability density
function, so that the mean of each Gaussian dis-
tribution is an estimate of the cluster centroid.
Therefore a clustering algorithm has to find the
parameters of the GMM and to determine the
membership of each feature data to a Gaussian
distribution. Gaussian Mixture Models are often
estimated using the Expectation-Maximization
(EM) algorithm [12].

The EM algorithm is a general method to
find the maximum likelihood estimation of the
parameters of an underlying distribution from
a given data set treated incomplete. Together
with hidden variables and parameters associated
with the problem the complete data are consti-
tuted. The EM algorithm consists of two steps
to maximize the likelihood of the complete data.
The expectation step (E-step) uses the current
estimate of the parameters to compute the ex-
pected value of the complete-data log-likelihood.
Then the maximization step (M-step) estimates
new parameters to maximize the expectation.
So each iteration increases the log-likelihood.
The estimation steps are repeated until a local
maximum is found.

The EM algorithm applied to GMMs can be
summarized as follows [13]:

1. Initialise the parameters for the mixture of
Gaussians and set the iteration index ¢ to 0.

2. E-Step: calculate for all zp,...,zy and
l=1,....M
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3. M-Step: estimate the parameters
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< € and
max; |1 (t)| < €, then stop, oth-
erwise set t =t+ 1 and goto step 2. € is a
termination criterion between 0 and 1.

4. If max |a(t+1) - (t)|
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Because the EM algorithm only guarantees a
local maximum a proper initialization is neces-
sary. Often the result of K-means algorithm is
taken to initialise the EM algorithm.

2.4. Markov random field Model

A Markov random field (MRF) model can im-

prove previously described clustering approaches
by considering the labels of the neighbors. Ge-
man and Geman [14] adopt this approach to
image processing. There are numerous MRF
models applied to unsupervised image segmen-
tation like [15] [16].
The key idea is to model the image pixels with
their values and their presence and orientation
of edges as atoms or molecules in a lattice
physical system whose energy function can be
determined. Because this energy function is
Gibbs distributed, the image model is a MRF.

The image model based on considering the im-
age segmentation problem in a Bayesian frame-
work:

P(F = f|G = g) — P(F:f}ll(D((}ij)g‘F:f),

where F' is the segmented and G is the observed
image.



Ouly the a priori probability P(F = f) and the
conditional observation probability P(G = g|F =
f) have to be calculated because P(G = g) is
constant and only the relative probability is re-
quired for maximizing the a posteriori probabil-
ity P(F = f|G = g). This mazimum a posteriori
(MAP) estimation is often maximized using the
logarithm form

InP(F|G) « InP(F)+InP(G|F).

The negative logarithmic terms are treated as
energies:
E = Erp+aFpF,

where a is a weighting parameter that controls
the effect of prior energy Er and observation
energy Er to the entire energy E. Thus the
maximization problem becomes a minimization
problem.

For the prior (label) distribution energy the
second order pairwise MLL (multi-level logistic)
model is often taken. The energy of the pairwise
MLL model is given by:
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N; ; is a centered neighborhood window around
each image pixel g; j, fi; is the label at position
1,7 and B is a positive constant.

The observation density is modeled as a
Gaussian distribution with different means pF,
and standard deviations o . So the means pk,
and standard deviations o of each region m
in the kth feature component are also slowly
varying functions of ¢,j. The corresponding

energy can be formulated as
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The total energy E can be minimized intro-
ducing temperature and simulated annealing
using a sampling method called Gibbs Sampler,
because the posterior distribution is also Gibbs
distributed. The most probable states under
the Gibbs distribution are found by modeling
the posterior distribution as another physical
system. The temperature in the physical system
is gradually reduced isolating the corresponding

low energy states (”annealing”).

The probability of randomly changing a label
is given by the probability of the feature data
being of class m using the Gibbs distribution:

Em=r; ;

P(F=m)=e"

The global temperature 7' determines the sensi-
tivity to energy variations and is reduced over
time.

T (k) = zcg(§+k)

is the temperature at simulated annealing time

k, where cis a constant. Another cooling method
is the fast cooling

T (k) =c-e 9k,

where k is the simulated annealing time and g is
a constant.

High temperatures allow many stochastic
changes, decreasing as well as increasing the
energy function. Lowering the temperature
reduces the probability for a significant energy
increase and forces the energy towards a local
minimum. Beginning at high temperature
a global optimum can be achieved, because
significant changes can jump out of local minima
in order to find a better optimum.

Minimizing the energy function requires esti-
mates of p and o. Supervised implementations
use training data to estimate pu and o. The
EM algorithm can be used like in the GMM to
estimate pu and ¢ unsupervised. The EM algo-
rithm given the MRF model using simmulated
annealing works as follows [16]:

1. Randomly initialize the segmentation
image F'.

2. E-Step: For all classes m estimate mean
and standard deviation from the feature
data g; ; based on the segmented image F":

[T D DR/t 1
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where N,, is the number of feature data
being of class m

k
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3. M-Step: Apply simmulated annealing to
minimize the energy function



(a) Set starting temperature and simulated
annealing time k = 0.

(b) For each image data g; ;

« For all classes calculate the total energy
of being in class m

Eijm = ER; ;o +EF ;,,
and the corresponding probability

Bij,m

P(F@j :m) =e T

o Generate a random number between 0
and 1. Accumulate the probabilities
of all classes. Choose the label being
the portion of the accumulated prob-
ability at the random probability.

(c¢) If the number of predefined iterations is
reached, then stop, otherwise increment
the simulated annealing time, decrease
the temperature and repeat step b.

4. Repeat steps 2 and 3 until a stopping
criterion is reached.

If a variable weighting factor [16] is used in
the energy function, it has to be updated by the
initialization of the simulated annealing in the
M-Step.

3. Results

To test the image segmentation algorithms 30
infrared images are taken from the ReuSe [17]
database. The ship area is segmented manually
for calculating two simple quality measures. One
is the classification rate, which is defined by

p. — ho. classified pixels in the segment
= = -
no. pixels in the segment

The other measure is an error rate, which is given
by

p. — ho. misclassified pixels
€™ no. classified pixels

From these measures the segmentation quality
rate is derived by

P, =PFP.—-P.

Except the stopping criteria, parameters are
only necessary for the Fuzzy C-means and the
MRF model. For the Fuzzy C-means clustering

the fuzzy factor m = 2 is choosen [10]. The MRF
model has the following variable weighting factor
[18]:

a(t) = B-(c1-7' +e2),

where 3, v, ¢; and cp are constants and ¢ is the
t-th EM iteration. Furthermore § =0.1, v =0.1,
¢1 =80 and ¢; = 1/K are taken, where K is the
number of classes. Label energy Eg is deter-
mined once by a four neighborhood with g =1
and by a eight neighborhood with 5 =0.5. The
simulated annealing is applied for 100 iterations,
while the temperature decreases at each itera-
tion from 15 to 0.1 using the fast cooling method.

Generally the algorithms stop if the estimated
values converge. Ounly the MRF model works
with a fixed number of EM iterations (25).
Because of their statistical nature the energy
could vary even if the clusters do not change
significantly.

The effect of wavelet-based denoising of the
infrared images before applying the clustering
algorithms is investigated. Accordingly to the
denosing results in [19] the BayesShrink [20]
method is choosen. The denoising algorithm
uses dyadic wavelet filters [21] [22] with r =1
and p =2 in 3 scales.

One problem in unsupervised image seg-
mentation using clustering is the number of
clusters in the image. Visually the three regions
ship, sky and water can be distinguished, but
sometimes there are more than three regions
in the image. So some post-processing steps
are necessary. After extracting the cluster with
the greatest mean, its binary representation
is labeled using sequential labeling [23]. The
biggest cluster detected besides the background
(which is usually the biggest) is assumed to be
the ship. Heuristics are used to determine how
likely the number of clusters fit to the image. If
the number of clusters does not fit to the image,
the number of clusters is incremented and the
clustering process is repeated. The algorithm
stops, if the number of clusters fits to the image
or a maximum number of 11 clusters is reached.

The experimental results (Table. I) show three
effects. Denoising improve the segmentation re-
sults of K-means and Fuzzy C-means clustering
achieving about 5% higher segmentation rates.
The segmentation quality of Gaussian Mixture
Models and Markov Random Fields is decreased,



. with denoise without denoise
Segmentation Model P, #{P, >80} | P, #{P, > 80}
K-means Euclidean 66.33 10 74.00 12
K-means Mahalanobis 74.03 17 79.64 21
Fuzzy C-means Euclidean 65.67 12 70.36 11
Fuzzy C-means Mahalanobis 76.54 19 80.36 19
Gaussian Mixture Model 66.97 14 65.81 15
Markov Random Field 4 Neighorhood | 78.32 20 77.67 19
Markov Random Field 8 Neighorhood | 81.11 22 78.14 21

TABLE 1

SEGMENTATION RATES AND NUMBER OF SEGEMENTED IMAGES WITH SEGMENTATION RATES HIGHER THAN 80 FOR DIFFERENT

because of smoothing effects by denoising. Com-
paring the distance models for K-means and
Fuzzy C-means clustering the Mahalanobis dis-
tance delivers between 5% and 10% better re-
sults. Finally the Markov Random Field model
with a 8 neighborhood achieves the highest seg-
mentation rate of all tested segmentation proce-
dures. Fig. 2 shows an example of MRF segmen-
tation result. With the visual comparision of the
segmentation results 80 is assumed as the low-
est acceptable segmentation rate (Fig. 3). Thus
there are only 22 acceptable segmented ships us-
ing the MRF model and 21 using K-means clus-
tering. All segmented images in the MRF model
with estimated regions greater than 4 were not
accepted, while for instance using K-means clus-
tering there are accepted segmentation results up
to 11 regions. Therefore the model fitting pro-
cedure is of general nature and not optimized
for the different clustering algorithms. Conse-
quently optimized model fitting procedures for
the different clustering algorithms can further
improve the results.

The computing times are different for the clus-
tering algorithms. K-means with Euclidean dis-
tance model is the fastest algorithm, while the
Markov Random Field model with 8 neighbor-
hood is the slowest of the tested algorithms. A
segmentation with 3 regions takes an average
of about 1000 seconds using the Markov Ran-
dom Field model with 8 neighborhood on a 3Ghz
Xeon Processor, but only 1 second with the K-
means algorithm. The computing time increases
linearly with the number of estimated regions,
which is especially a problem for the MRF model.
This emphasizes the necessity of optimal esti-
mated regions again.

MODELS

4. Conclusion

The target of our investigations was to find
the best clustering algorithm to segment naval
infrared images. It has been shown that the
Markov Random Field model delivers the best
results for our test images, but has also the high-
est computational demand. For integration in a
ship contour extraction system the algorithm has
to be accelerated. Therefore our future work will
be focused on the acceleration of the MRF using
parallel processing or special processors.
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