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ABSTRACT

Hyperspectral imaging is a new technique in remote sensing
that collects hundreds of images at differents wavelength val-
ues for the same area of the Earth. For instance the Airborne
Visible Infra-Red Imaging Spectrometer (AVIRIS) sensor of
NASA capable to obtain 224 spectral channels in a wave-
length range between 40 and 250 nanometers. As a result each
pixel of the image can be represented as a spectral signature.
Image segmentation is the process of dividing a digital image
into groups of pixels or objects. Hyperspectral image classi-
fication is an important and active area dedicated to identify-
ing each pixel in the image with an exclusive material/object
class. Several efforts had been done in this field using spectral
and spatial information separately or simultaneously in order
to improve the performance of the classification techniques.
In this work we have developed a new technique that uses a
segmentation algorithm to post-process the classification re-
sults obtained using a widely used classifier such as the sup-
port vector machine (SVM). Experimental results with a real
hyperspectral data set collected over the city of Pavia, Italy,
are provided.

Index Terms— Segmentation, classification, hyperspec-
tral imaging

1. INTRODUCTION

Hyperspectral image classification has been a very active area
of research in recent years [1]. Given a set of observations
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(i.e., pixel vectors in a hyperspectral image), the goal of clas-
sification is to assign a unique label to each pixel vector so
that it is well-defined by a given class. Several efforts have
been performed in the literature in order to integrate spatial-
contextual information in spectral-based classifiers for hyper-
spectral data [2]. It is now commonly accepted that using the
spatial and the spectral information simultaneously provides
significant advantages in terms of improving the performance
of classification techniques [3]. Some of these approaches in-
clude spatial information prior to the classification, during the
feature extraction stage [4]. Another strategy in the literature
has been to exploit simultaneously the spatial and the spec-
tral information [5]. Several other approaches include spatial
information as a post-processing, i.e., after a spectral-based
classification has been conducted. One of the first classifiers
with spatial post-processing developed in the hyperspectral
imaging literature was the well-known ECHO (extraction and
classification of homogeneous objects) [1]. Another one is
the strategy adopted in [6], which combines the output of a
pixel-wise support vector machine (SVM) classifier with the
morphological watershed transformation [7] in order to pro-
vide a more spatially homogeneous classification. A similar
strategy is adopted in [8], in which the output of the SVM
classifier is combined with the output provided by the recur-
sive hierarchical segmentation (RHSEG) segmentation algo-
rithm.

In this work, we develop a new technique that uses seg-
mentation as a post-processing for standard (pixel-wise)
hyperspectral image classification. Specifically, we use a
multiresolution algorithm proposed by Baatz and Shäpe [9]
which is considered one of the most effective segmenta-
tion algorithms in the literature. Here, we have considered
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a version based on the local mutual best fitting heuristic
[10], which generates the segmentation using region growing
techniques. In the following, we describe the methodology
adopted for segmentation as a post-processing of hyperspec-
tral image classification (conducted in this work using the
standard SVM classifier). The abstract concludes with an ex-
perimental evaluation of the newly proposed approach using
the well-known hyperspectral image collected by the Reflec-
tive Optics Spectrographic Imaging System (ROSIS) over the
University of Pavia, Italy.

2. METHODOLOGY

Fig. 2 shows a flowchart of the methodology used in this
work. First, the original hyperspectral image is classified in
pixel-wise fashion using the SVM classifier. At the same
time, a segmentation step is conducted. The segmentation
is divided in different stages: 1) initialization of seeds; 2)
considering each pixel of the image as a segment; 3) eval-
uation of the spatial neighborhood; 4) identification of the
best neighbor for each segment; and 5) fusion, where all seg-
ment markers whose mergirng cost is lower than the square
of a scale parameter are merged. Once a first segmentation
has been obtained, the algorithm performs a step in which
the segments are redefined by setting the rest of the pixels
of the merged segments as belonging to the resulting seg-
ment. Finally, the segmentation process concludes by a step
in which the borders are recalculated by updating the pixel-
segment structures. At this step both the pixel-wise classifica-
tion and the segmentation of the original hyperspectral image
have been completed. Now, as shown in Fig. 2, we perform a
fusion of the results obtained by the classification and the seg-
mentation using majority voting. This procedure is inspired
by the one conducted in previous works [8], and consists of
using the regions obtained in the segmentation as superpix-
els with a unique class represented in them. The decision on
which class should be assigned to each superpixel is taken
based on the total number of pixels belonging to the super-
pixel that are assigned to each given class in the pixel-wise
classification. In other words, if a superpixel has a majority
of pixels assigned to a given class in the pixel-wise classifica-
tion, all the superpixel (region) is assigned to that given class.
The output of this step is identified as SVM segment classifier
in Fig. 2. Finally, we perform a comparison of the classifica-
tion results obtained using this procedure with regards to the
ground-truth.

3. EXPERIMENTAL RESULTS

Our experiments were conducted using a popular hyperspec-
tral image collected over the University of Pavia, Italy, by the
ROSIS instrument. The image size in pixels is 610 × 340,
with spatial resolution of 1.3 meters per pixel and 103 spec-
tral bands in the range from 0.41 to 0.82 micrometers. The

Fig. 1. Flowchart of the proposed technique for segmentation
as postprocessing to hyperspectral classification.

Fig. 2. ROSIS Pavia University scene. Left: false color com-
position. Middle: ground-truth map containing nine mutually
exclusive classes. Right: Segmentation output for multireso-
lution algorithm.

ground-truth comprises nine mutually exclusive classes, dis-
played in Fig. 3.

The configuration of the segmentation algorithm used in
experiments was conducted as follows. The scale parameter,
which directly influences the size of the regions or superpix-
els, was empirically set to scale = 58 (the minimum value of
this parameter is 0, and the maximum value is 100). The rela-
tive weight between color and shape, another required param-
eter for the segmentation algorithm, was set to color = 0.2.
Finally, a shape parameter which is related to spatial hetero-
geneity was set to shape = 0.9. For the latter two parame-
ters, the minimum value is 0 and the maximum value is 1. We
emphasize that these parameter settings were optimized af-
ter many tests. The SVM classification was conducted using
the Gaussian Radial Basis Function (RBF) kernel, and its ex-
ecution was also optimized. Table 1 reports the overall accu-
racy (OA) and the individual class accuracies obtained using
the pixel-wise SVM classification and the proposed method,
which refines the SVM classification using the considered
segmentation algorithm. Table 1 reveals significant increase
of the OA and the individual class accuracies, which is re-
lated to the consideration of spatial information (in the form
of superpixels) by including the proposed segmentation-based
postprocessing approach. For illustrative purposes, Fig. 3
shows some of the classification results obtained after apply-

3724



Fig. 3. Processing results. Left: Ground-truth map test set.
Middle: SVM pixel-wise classification. Right: Result ob-
tained after applying the proposed technique, which uses seg-
mentation as a preprocessing for classification.

ing the SVM pixel-wise classification (left), the segmentation
algorithm (middle), and the segmentation-refined classifica-
tion (right), obtained after combining the segmentation and
classification results by means of majority voting. As shown
by the rightmost classification map in Fig. 3, the proposed
approach provides a smooth classification output with spatial
consistency and sharp edges.

4. CONCLUSIONS AND FUTURE RESEARCH

In this work we have presented a new technique for hyper-
spectral image classification which uses the segmentation al-
gorithm proposed by Baatz and Shäpe as a postprocessing for
a standard pixel-wise classification using support vector ma-
chines. The segmentation is conducted by means of a region
growing multiresolution technique that generates a set of su-
perpixels which are then classified using majority voting by
considering the predominant classification label on the asso-
ciated pixels. The proposed approach is simple, but leads to
a significant improvement in the obtained classification re-
sults. This suggests the potential of combining segmentation
and classification techniques for enhancing the interpretation
of hyperspectral image data. The main drawback of the pro-
posed method, which is yet to be resolved in future develop-
ments, is the cost of the optimization of the multiresolution
algorithm. Our future work will be focused on automating
this procedure and reducing the cost by exploring high per-
formance computing implementations in parallel computing
architectures.
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Class SVM pixel-wise classification Proposed approach
Asphalt 74.714 80.647

Meadows 77.620 85.022
Gravel 46.006 46.557
Trees 98.008 89.526

Metal Sheets 99.820 97.215
Bare Soil 66.185 83.377
Bitumen 83.690 97.554

Self-blocking Bricks 90.190 98.127
Shadow 100.000 99.623

Overall accuracy (OA) 78.174 84.766

Table 1. Overall and individual accuracies obtained after classifying the ROSIS Pavia University scene using a standard SVM
pixel-wise classification and the proposed approach, which integrates segmentation and classification.
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