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ABSTRACT

Classification is an important and widely used technique for
remotely sensed hyperspectral data interpretation. Although most
techniques developed for classification assume that the spectral sig-
natures provided by an imaging spectrometer can be interpreted as
a unique and continuous signal, in practice this signal may be ob-
tained after the combined individual responses from several different
spectrometers. For instance, the Airborne Visible Infra-Red Imaging
Spectrometer (AVIRIS) system is in fact formed by four different
spectrometers, covering the nominal spectral ranges of 400-700 nm,
700-1300 nm, 1300-1900 nm, and 1900–2500 nm, respectively. In
this work, we propose a new classification strategy which takes into
account the physical design of the imaging spectrometer system for
partitioning the spectral bands collected by each spectrometer, and
resampling them into different groups or partitions. The final clas-
sification result is obtained as a combination of the results obtained
from each individual partition. This concept is illustrated in this
work using AVIRIS data, and our experimental results indicate that
the proposed strategy provides advantages in terms of classifica-
tion accuracy, in particular, when very limited training samples are
available.

Index Terms— Spectrometer-driven classification, partitioning,
clustering, AVIRIS.

1. INTRODUCTION

In the last two decades, imaging spectroscopy (also called hyper-
spectral remote sensing) has experienced significant developments
[1]. Currently, many sensors onboard airborne and spaceborne plat-
forms are available, and these instruments keep collecting data from
different locations over the Earth [2]. Hyperspectral image classi-
fication has been a very important topic of research for interpreting
hyperspectral data [3], in which the main challenges have been given
by the high dimensionality of the data and the limited number of
training samples generally available [4]. A main assumption of most
classification techniques is that the spectral signatures provided by
an imaging spectrometer system for a given pixel can be considered
as a unique and continuous signal.

However, in practice this signal may be obtained after the com-
bined individual responses from several different spectrometers.
For instance, the Airborne Visible Infra-Red Imaging Spectrometer
(AVIRIS) system [5] is in fact formed by four different spectrome-
ters, covering the nominal spectral ranges of 400-700 nm, 700-1300
nm, 1300-1900 nm, and 1900–2500 nm, respectively. These four

spectrometers, called A, B, C and D respectively, have different
characteristics. For instance, in the D spectrometer a carefully spec-
ified linear variable blocking filter is used to limit the wavelengths
of light for each element in the detector array. This specialized filter
reduces the noise arising from photons emitted by the spectrometer
in the 1900-2500 nm spectral range. For the A spectrometer, a
32-element silicon detector array with a blue enhanced response is
used. The B, C and D spectrometers each have 64-element arrays
instead.

Given the fact that different spectrometers have different char-
acteristics, our speculation in this work is that the conventional in-
terpretation that the spectral signatures can be interpreted as unique
and distinct signals may not hold in all cases, and that the use of a
spectrometer-driven partitioning prior to classification may lead to
improved hyperspectral data interpretation results. Specifically, in
this work we propose a new spectrometer-driven classification strat-
egy that considers the differences between the individual spectrom-
eters in the classification step. An important consideration of our
approach is that, as the dimensionality of each spectrometer signal
is much smaller than the whole spectral signal, it allows for the de-
sign of a classification system that is efficient in scenarios in which
limited training samples are availablea priori. Here we illustrate the
concept using AVIRIS data. In order to handle the existing corre-
lation between spectral bands, we use a band partitioning approach
driven by the four different spectrometers of AVIRIS, as the hyper-
spectral bands captured by each of them exhibit similar characteris-
tics.

The remainder of this paper is organized as follows. In section
2, we first introduce the proposed spectrometer-driven spectral par-
titioning strategy. Then, we present our classification system based
on the recently developed subspace-based multinomial logistic re-
gression (MLRsub), an efficient technique able to deal with very
limited training samples [6]. Experimental results with AVIRIS data
are given in section 3. Finally, section 4 concludes this work with
some remarks.

2. SPECTROMETER-DRIVEN PARTITIONING AND
HYPERSPECTRAL IMAGE CLASSIFICATION

In this section, we first introduce a spectrometer-driven spectral par-
titioning method and then present a strategy used for classification
of AVIRIS hyperspectral data based on the MLRsub classifier. In
the spectrometer subsystem of AVIRIS, light from each of the op-
tical fibers enters a different spectrometer covering a portion of the
AVIRIS spectral range. The four spectrometers cover the nominal



(a) False color representation (b) Available reference classes

Fig. 1. AVIRIS Indian Pines data set.

spectral ranges of 400–700 nm, 700–1300 nm, 1300–1900 nm, and
1900–2500 nm, respectively. If we take the popular AVIRIS Indian
Pines data set1, the corresponding band intervals are [1,31], [32,94],
[95,157] and [158,220], respectively. This scene, displayed in Fig.
1(a), comprises 145× 145 pixels and was recorded over Northwest-
ern Indiana in June of 1992. As shown by Fig. 1(b), a total of 10366
pixels are available in the labeled ground-truth, including 16 mutu-
ally exclusive classes. Although some of the bands are considered to
be corrupted by water absorption and noise, we will use all of them
since the MLRsub classifier considered in this work has the capabil-
ity to manage noise and mixtures by projecting the data to the class
indexed subspaces. Although some of the bands are considered to
be corrupted by water absorption features and noise, we will use all
of them since the MLRsub classifier considered in this work has the
capability to manage noise and mixtures by projecting the data to the
class indexed subspaces.

2.1. Spectrometer-Driven Spectral Partitioning

In this subsection we describe the spectrometer-driven spectral parti-
tioning strategy and use the AVIRIS Indian Pines data for illustrative
purposes. Since in this case the spectral vectors are collected by four
spectrometers, the band continuity for each spectrometer is expected
to be quite high. Fig. 2 shows the spectral clustering results obtained
from the adaptive affinity propagation (AAP) approach [7], which
uses the coefficient of correlation as the measurement of similarity.
Fig. 2 illustrates that there are high spectral similarities among con-
tinuous bands collected by each of the four spectrometers. Based
on this observation, in this work we perform band partitioning based
on the four spectrometers to resample the spectral bands to differ-
ent groups (or partitions), such as to exploit the spectral information
by reducing the spectral similarities and increasing the partition dis-
tance.

The proposed spectrometer-based spectral partitioning approach
is different from conventional spectral clustering approaches, which
generally considers the spectral signatures as a whole. Therefore,
based on the observed spectral correlations, we resample the bands
into different partitions for each spectrometer. In this study, after
resampling, we obtained a total of five partitions, each with 42 spec-
tral bands. Now each pixel in the original hyperspectral image can
be resampled by taking one spectral band from each one of the five
partitions, so that we can obtain five different (subsampled) repre-
sentations of the original pixel. In order to illustrate this concept,
Fig. 3(a) shows the spectral signature of pixel at spatial location
(100,100) in the the original AVIRIS Indian Pines data, while Fig.

1https://engineering.purdue.edu/biehl/MultiSpec/hyperspectral.html

3(b) presents the five subsampled spectral signatures for the same
pixel obtained by using the five available partitions. As we can see
in Fig. 3, the subsampled spectral signatures are very similar to the
spectral signature, which means that the partitions are able to capture
the spectral characteristics of whole spectral signature while reduc-
ing its dimensionality. On the other hand, the spectral signatures in
the original image, although similar, have some differences across
all the bands. Based on this property, the proposed strategy is able to
exploit the different characteristics of the spectral signature in each
of the considered partitions.

Fig. 2. Spectral clustering results based on adaptive affinity propa-
gation (AAP) for the AVIRIS Pines Scene image.
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(a) Original spectral signature (b) Sub-sampled spectral signatures

Fig. 3. spectral signature of pixel at spatial location (100,100) in the
the original AVIRIS Indian Pines data (a) and the five subsampled
spectral signatures for the same pixel obtained by using the available
partitions (b).

2.2. Hyperspectral Classification Using the MLRsub

Recently, the MLRsub method [6] has been specifically designed to
address challenging hyperspectral classification problems. Specifi-
cally, in the MLRsub the classification of a pixel (with its associated



spectral vector in a given class) corresponds to the largest projection
of that vector onto the class indexed subspaces. In this subsection,
we highlight the decision rule adopted for fusing the individual clas-
sifications (obtained by the MLRsub) of the spectral signatures from
the partitions that we obtained using the procedure described in the
previous subsection. Letpm(i) be the probabilities for a given pixel
i and partitionm. In this work, we use a simple strategy to combine
the results obtained from all the partitions, as given below:

p̂(i) =
1

n

n∑

m=1

pm(i), (1)

wheren is the number of partitions. Resulting from (1), the final
class label of pixeli is determined as follows:

ˆclass(i) = arg max
k∈{1,...,K}

p̂
(k)(i), (2)

whereK is the number of classes,̂p(k)(i) is the probability corre-
sponding to classk for a given pixeli, andp̂(i) = [p̂(1)(i), . . . , p̂(K)(i)].
It should be noted that, after obtaining the joint probability, we per-
form Markov random field (MRF)-based spatial regularization [8]
to promote a classification solution with spatial smoothness, as
indicated in [6].

3. EXPERIMENTAL RESULTS

This section describes our experimental results with the AVIRIS In-
dian Pines scene in Fig. 1. As mentioned in the previous section, af-
ter the spectral partitioning and resampling we obtain five partitions,
each with 42 spectral bands. In order to analyze the impact of our
spectrometer-driven partitioning framework on the classification of
the scene, we first analyze the performance of the method as a func-
tion of the dimensionality of the estimated subspace by the MLRsub

technique. Then, we analyze the sensitivity of the MLRsub to the
number of training samples, thus addressing the two main issues in
supervised classification of hyperspectral data (dimensionality and
limited training samples). In all cases, we set the parameterβ (which
controls the degree of smoothness obtained after applying the MRF
to the classification result obtained by the MLRsub) to β = 2, ac-
cording to our previous studies [6], in which it was shown that ap-
propriate results could be obtained withβ in the range [0.5,4].

3.1. Impact of the Dimensionality of the Estimated Subspace

In this experiment, 10% of the 10366 pixels available in the ground
truth image in Fig. 1(b) are used for training, while the remaining
samples are used for testing. Fig. 4 shows the overall classification
accuracies (OA) as a function of the dimensionality of the subspace,
for both the original hyperspectral image [see Fig. 1(a)] and for the
five partitions [see Fig. 1(b)]. It is remarkable that the results ob-
tained for each partition are very close to the results obtained using
the original image with all the spectral bands. Another important
observation is that, for all the partitions, the optimal dimensionality
was achieved in the interval [10, 15], as it was also the case for the
original image. This means that working in the partition domain al-
lows further possibilities to determine the optimal subspace dimen-
sionality without losing accuracy in the estimation with regards to
the case in which the original hyperspectral image was used. Since
the estimation of the dimensionality of the subspace is an important
aspect for the MLRsub algorithm, we can conclude that the algo-
rithm performs similarly from this viewpoint in the original and in
the partitioned domain.
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(a) Original data (b) Partitions

Fig. 4. Overall accuracies (OAs) obtained by the MLRsub method
(followed by MRF postprocessing) as a function of the dimension-
ality of the subspace, for both the original image (a) and for the five
partitions (b).

3.2. Impact of the Number of Training Samples

In this experiment we evaluate the impact of the number of avail-
able training samples in the proposed spectrometer-driven partition-
ing approach, as compared to the case in which the full spectral in-
formation is used. For simplicity, we analyze the cases in which the
dimensionality of the subspace used for the MLRsub classifier is 11
and 13 (the two best cases in Fig. 4. For that purpose, Fig. 5(a)
shows the OAs (as a function of the number of training samples used
per class) obtained when applying the MLRsub with and without
the proposed partitioning strategy to the AVIRIS Indian Pines scene,
considering that the dimensionality of the subspace is 11. Similarly,
Fig. 5(b) shows the OAs (as a function of the number of training
samples used per class) obtained when applying the MLRsub with
and without the proposed partitioning strategy to the AVIRIS Indian
Pines scene, considering that the dimensionality of the subspace is
now 13. The color areas around each plot in Fig. 5 represent the
standard deviation.

Several conclusions can be obtained from Fig. 5. First and
foremost, the proposed approach with spectral partitioning outper-
forms the classic MLRsub configuration when limited training sam-
ples are available. For instance, the proposed approach obtained an
OA greater than 85% by using only 20 labeled samples per class,
increasing significantly the OA obtained by the original strategy in
the same conditions. Furthermore, it is remarkable that the standard
deviations obtained by the proposed partitioning-based approach are
significantly smaller than those achieved by the MLRsub with the
original hyperspectral image. Finally it is also noticeable that, af-
ter a given number of training samples (i.e., 60 samples per class in
our experiment), the results obtained with the full original image are
better than those obtained using th proposed partitioning approach.
This is due to the fact that the dimensionality of the partitions and
the class boundaries are well-defined after a sufficient set of training
samples are available.

Finally, Fig. 6 shows the obtained classification maps for the
AVIRIS Indian Pines by using 20 labeled samples per class under an
optimal setting of dimensionality of the subspace. In this particu-
lar case, the proposed approach obtained an OA of 87.83% which is
about 20% higher than the OA obtained after applying the MLRsub

(plus the MRF regularization) to the full original hyperspectral im-
age. We can therefore conclude that the proposed spectrometer-
driven partitioning approach can provide good classification results
in the presence of limited training samples.



(a) Dimensionality of the subspace: 11 (b) Dimensionality ofthe subspace: 13

Fig. 5. Overall accuracies (as a function of the number of training samples used per class) obtained when applying the MLRsub, with and
without the proposed partitioning strategy, to the AVIRIS Indian Pines scene, considering that the dimensionality of the subspace is 11 (a)
and 13 (b). The color areas around each plot represent the standard deviation around the mean.

(a) Classification map using the original data (b) Classification map using the proposed approach

Fig. 6. Classification maps obtained using 20 training samples per class.

4. CONCLUSIONS AND FUTURE LINES

In this work, we have developed a new spectrometer-driven based
technique for hyperspectral image partitioning and classification.
The proposed approach takes into account the physical design of
the imaging spectrometer system for partitioning the spectral bands
collected by each spectrometer, and resampling them into different
groups or partitions. Instead of considering the spectral signatures as
unique continuous signals, here we consider each spectral signature
as a signal that is contributed from different instrument sources, and
partition the data accordingly prior to conducting the classifications
step. We have evaluated the methodology by using the AVIRIS
instrument. Our experimental results indicate that the proposed
strategy can exploit the information contained in each spectrometer
in order to improve the classification results using limited training
samples. In the future, we will use other imaging spectrometers
and classification techniques in order to analyze the generality of
the presented approach. We are also planning on using different
numbers of bands for each partition (in the present configuration all
partitions have the same number of bands) in order to better model
the contributions from each spectrometer.
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