
CORAL REEF TEXTURE CLASSIFICATION
USING SUPPORT VECTOR MACHINES

Anand Mehtaa, Eraldo Ribeiroa, Jessica Gilnerb and Robert van Woesikb

aDepartment of Computer Sciences
bDepartment of Biological Sciences

Florida Institute of Technology
Melbourne, FL 32901

Keywords: Coral reef characterization, machine vision applications, texture classification, texture segmentation.

Abstract: The development of tools to examine the ecological parameters of coral reefs is seriously lagging behind
available computer-based technology. Until recently the use of images in environmental and ecological data
gathering has been limited to terrestrial analysis because of difficulties in underwater image capture and data
analysis. In this paper, we propose the application of computer vision to address the problem of monitoring
and classifying coral reef colonies. More specifically, we present a method to classify coral reef images based
on their textural appearance using support vector machines (SVM). Our algorithm uses raw pixel color values
directly as sample vectors. We show promising results on region classification of three coral types for low
quality underwater images. This will allow for more timely analysis of coral reef images and broaden the
capabilities of underwater data interpretation.

1 INTRODUCTION

The analysis of underwater images is a challenging
computer vision problem with several important ap-
plications in the fields of archeology, military, nav-
igation and biology. In recent years, stimulated by
the current availability of digital optics technology,
the demand for solutions for underwater image analy-
sis has increased significantly. In this paper, we de-
scribe a supervised texture classification method for
automatic classification of coral reef images. The
work reported here is part of a ongoing research ef-
fort aiming to develop an image-analysis system to
monitor temporal changes of coral colonies on coral
reefs. Our classification method uses a support vector
machine(SVM) classifier (Vapnik, 1995). Depend-
ing on the application, support vector machines have
several advantages when compared to classical super-
vised classification methods such as maximum likeli-
hood. In the particular case of texture classification,
support vector machines allow for very good class
separation even when the size of the feature vectors
is large and the number of training samples is limited.
Another advantage is that it allows for the use of raw
image data as feature vectors which is specially inter-
esting for natural random textures where geometrical

features and descriptors are difficult to obtain (Kim
et al., 2002; Li et al., 2003). This is particularly rel-
evant to the classification of coral reef images which
present rich patterns of colors, shapes and textures.

Coral reefs are among the most complex natural
systems on earth, both structurally and biologically.
Indeed, high structural topographic complexity allows
coral reefs to support more species than any other ma-
rine system. Coral reefs have recently risen to global
prominence in terms of their capacity to act as early
warning indicators of global climate change. They are
accurate proxies of thermal stress events, where corals
visibly pale (bleach), which often leads to mortal-
ity and relative shifts in species composition (Hoegh-
Guldberg, 1999). Yet, quantifying diversity and rela-
tive abundance of species on coral reefs is time con-
suming. Most serious are the delays in data compil-
ing and synthesis, where twelve months is not uncom-
mon.

In this paper, we apply computer vision to the
problem of monitoring and classifying coral reef
colonies. Our texture classification approach does not
require any explicit feature extraction. The feature ex-
traction is implicitly performed by the support vector
classifier. As a result, no pre-processing is required,
and the pixel raw data is directly used for both training
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kernel name function
Polynomial k(xi,xj) = (xi ·xj)p

Radial basis function k(xi,xj) = e(− 1
2σ2 ‖xi−xj‖)

Sigmoid kernel k(xi,xj) = tanh(xi ·xj)−Θ)

4 CORAL REEF
CLASSIFICATION

In this section, we describe the details of our clas-
sification algorithm. The algorithm consists of a di-
rect application of the support vector machine classi-
fier using raw pixel data as sample vectors. We chose
the radial basis function kernel to perform the experi-
ments where σ is manually selected and kept fixed for

all experiments. In our trials, the radial basis func-
tion kernel performed better than the polynomial (Ta-
ble 1). We plan to investigate approaches for the se-
lection of σ as suggested by (Muller et al., 1997).

We commenced by extracting a number of N×N
subregions of previously labeled coral images. Since
our current classification approach is a supervised
one, we selected the images to match a particular class
of coral reef that we wanted to classify. The pixel val-
ues inside these regions became the sample vectors to
be fed into the classifier for the training stage. During
the training phase, the support vectors were identified.
Once the support vectors were at hand, we classified
each pixel in an image according to the class predicted
by the support vector machine classifier. This is a sim-
ple algorithm that allows for very good texture classi-
fication results of coral reef images.

5 EXPERIMENTS

In this section, we present results for classification
of coral reef images. We applied the support vector
machine method for the classification of three types
of coral: corymbose Acropora, branching Acropora,
and tabulate Acropora. The classifier was trained for
about 100 subregions of each coral type. Each sub-
region had a size of 25× 25 square pixels. The clas-
sification results were obtained for two classes only,
but multiclass classification can be obtained using a
one-against-all approach, as mentioned earlier. We
make use of the support vector machine implemen-
tation provided by the libsvm library by Chang and
Lin (Chang and Lin, 2001). Figures 1, 2, and 3 show
both the original test images(a) and the results of the
texture classification(b). Our algorithm achieved a
95% correct classification for all classified images.
However, several small regions were still misclassi-
fied. The main reason seems to be the lack of a proper
model for the underwater illumination. We plan to ap-
proach this problem in future implementations. The

(a) (b)

Figure 1: Coral classification results. (a) corymbose Acrop-
ora, and (b) resulting labeled regions.
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(a) (b)

Figure 2: Coral classification results. (a) branching Acrop-
ora, and(b) resulting labeled regions.

(a) (b)

Figure 3: Coral classification results. (a) tabulate Acropora,
and (b) resulting labeled regions.

method presented here is quite robust to local appear-
ance variations caused by the inherent 3D nature of
the coral. The program works considerably well for
branching corals as seen in Figure 2-(a) and (b). How-
ever, the classification is still compromised by incor-
rect choice of the size of the sample vectors. Despite
that, the results are very promising. We believe that
the inclusion of contour and shape descriptors can im-
prove the classification rate for branching corals.

6 CONCLUSIONS

The work reported here is part of a ongoing collab-
orative research effort aiming to develop an image-
analysis system to monitor temporal changes of coral
colonies on coral reefs. One of the primary goals of
contemporary coral reef ecology is to understand the
dynamics of reefs in regard to global climate change.
Research has previously been held back by limited
underwater access to data, and the duration of data ac-
quisition and subsequent processing of obtained im-
ages.

More specifically, we have demonstrated the ap-
plication of support vector machines for underwater
image classification. The results are encouraging con-
sidering the small amount of samples used to train the
classifiers. Plans for future work include the devel-
opment of automatic underwater image mosaicing for
generation of large area analysis and the development
of suitable models for texture and illumination that
should improve the results of our algorithm.
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