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ABSTRACT

In hyperspectral imaging for remote sensing, learning from
unlabeled data by unsupervised methods is very challenging
and it is the subject of considerable recent interest since the
collection of large datasets by aircraft, UAVs and satellites
has become ubiquitous. We experiment with unsupervised
endmember extraction and classification of hyperspectral data
collected over India by NASA’s AVIRIS-NG airborne remote
sensor. We have downloaded some of this data from the
NASA-JPL portal in Pasadena, CA, for the purpose of study-
ing land cover and land usage, and especially forests, in India.
We report on results from our experiments with unsupervised
endmember-based methods and clustering methods for clas-
sifying images from a mixed forest region that we selected
from the Shoolpaneshwar Wildlife Sanctuary in Western In-
dia. Randomized numerical methods are used to speed up the
large-scale computations.

Index Terms— Unsupervised hyperspectral classifica-
tion, clustering, randomized computations, endmembers,
unlabeled AVIRIS-NG data, forests, India.

1. INTRODUCTION

With the development of advanced remote sensing tech-
niques, hyperspectral imagery (HSI) with high spatial and
spectral resolution can be obtained by aircraft, drones and
satellites. These newly collected high resolution HSI datasets
enable us to classify the Land Use Land Cover (LULC) infor-
mation of pixels more accurately and the classification results
can be utilized in numerous applications.

The Indian Space Research Organisation (ISRO) and the
United States National Aeronautics and Space Administration
(NASA) launched the AVIRIS-NG (Next Generation) cam-
paign in India beginning in 2015 [1]. This airborne HSI sys-
tem measures a spectral range from 380nm to 2500nm, with
a 5nm difference between neighboring spectral bands, while
the spatial resolution of the system is 4.1m. Typical flight
altitudes are 4-8 km. This study uses one of these datasets,
collected in a flight path over a wildlife refuge in India. The
data that we downloaded from JPL portal has already been
ortho-corrected and atmospherically corrected, but unlabeled

since the labeling process is expensive and time consuming.
We also removed the bands influenced by water vapor absorp-
tion. The reduced data is then further modified by appropriate
reduction methods, as part of our study.

Unsupervised classification does not require labels, and
it is challenging to produce accurate result and analyze re-
sults quantitatively. In [2], several unsupervised clustering
methods are tested on 4 publicly available datasets, but their
work does not involve endmembers. In [3], spectral library is
learned and can be used to unsupervised map mineral compo-
sition, involving remote exploration in astrobiology, such as is
done by NASA’s Mars Rover. In our work, we take the advan-
tage of endmember-based and recent unsupervised methods.

Land-use change and the resultant changes in land cover
impact a wide variety of ecological processes with environ-
mental and economic implications. Clearly these implications
are extremely important to India, the country of our focus in
this study. As an important illustration, tree species can be
identified and then applied to characterize species diversity
using appropriate indices, and vegetation indices based on
leaf surface reflectance can be used to approximate the fuel
load of the forest [4] to estimate the possibility of destructive
fires.

Our paper is organized as follows. In Section 2 the un-
labeled data we are using are described, and the methods
involved are introduced. Section 3 shows the experimental
unsupervised classification results. Section 4 concerns the
classification results and the additional work on unsupervised
classification planned for the near future.

Fig. 1: Left: Location of study site in India, Middle: AVIRIS-
NG dataset containing mixed forest, Right: Two regions cov-
ered by the forest. Top region contains the most trees.



2. DATA AND METHODS USED FOR THE STUDY

2.1. Study Site

Our study area is located in the Shoolpaneshwar Wildlife
Sanctuary (SWS) in northwest India. See the map in Figure 1.
The SWS is a protected area in Gujarat state, and is 607.7km2

large. It encompasses mixed dry deciduous forest, southern
tropical moist deciduous forest, pockets of moist teak forests,
intrusive agricultural fields in border regions, small rivers
and two water reservoirs. The unlabeled AVIRIS-NG dataset
used in this study was collected in a flight path over a mixed
dry deciduous forest region that we downloaded in 2020 from
the NASA - JPL Portal at Pasadena. The dimensions of our
selected HSI datacube at SWS is 11072 × 657 pixels, with
425 spectral bands [1]. The top region at the right-hand side
of Figure 1 is chosen in this paper since it contains the most
trees.

2.2. Dimensionality Reduction

We now consider an important preprocessing step, reduction
of the number of bands in HSI datasets prior to classifica-
tion. Fast randomized truncated SVDs are used here to mod-
ify and to speed up Principle Component Analysis (PCA), and
we also use Minimum Noise Fraction (MNF), Independent
Component Analysis (ICA), and the Random Projection (RP)
method.

Dimensionality reduction techniques are unsupervised
and widely used as the main preprocessing step when dealing
with HSI data classification. This is because high spatial
resolution HSI contains redundant information, and it’s pro-
cessing often leads to unnecessary high computational cost.
It often makes the classification steps, generally involving
numerical linear algebra on large datasets, computationally
feasible.

Fortunantly, randomization methods can be used to
greatly speed up linear algebra computations, including trun-
cated SVDs, see [5]. Here, we use fast randomized truncated
SVDs [6] to speed up PCA.

The PCA method finds an orthogonal basis of an optimal
linear subspace, generally using a truncated SVD, to clean up
the highly correlated spectral features of neighboring bands.
It’s properties are well known for use in HSI dimensionality
reduction. The related MNF Transformation is also widely
used. It incorporates noise reduction to improve the Signal-
to-Noise (SNR) ratio for HSI datasets, see, e.g. [7]. MNF
aims to determine the inherent dimensionality of HSI data in
order to segregate noise in the data, and to subsequently re-
duce the computational requirements for subsequent process-
ing, ee, e.g. [8]. The ICA method generates statistically in-
dependent components by estimating the eigenvectors of co-
variance matrix, and then computes the rotation matrix that
maximize the independence of components. Finally, the Ran-
dom Projection method projects the data to a lower dimension

using a randomly generated matrix with the set of entries hav-
ing a Gaussian distribution and is normalized.

2.3. Unsupervised Endmember Extraction Methods

Unsupervised classification methods require an accurate prior
knowledge of the number of endmembers, see e.g. [7], and
some methods require the number of clusters, e.g., [2, 9, 10].
HSI endmember extraction is an important step due to signif-
icantly improved spatial and spectral resolutions of the imag-
ing sensors of the New Generation AVIRIS images. Since
the endmember spectral signatures of our data are not known,
the endmember extraction as well as the subsequent spectral
unmixing and classification processes must be performed in
an unsupervised way. In this study, we compare two convex-
based endmember extraction methods: ATGP and N-Finder.

The estimation of the number of endmembers is crucial
for unlabeled HSI datasets using convex-based endmember
extraction methods, see [11]. The Hyperspectral Signal Sub-
space Identification by Minimum Error can perform well to
estimate the number of endmembers [12]. We apply it on our
dataset and decide to use 7 endmembers. Next, we describe
the endmember extraction methods used in this study.

Briefly, the Automatic Target Generation Process (ATGP)
makes iterative use of orthogonal subspace projections to
identify the endmembers of significant interest, and stops
once extract a pre-chosen p endmember targets [13]. Also,
the N-finder method generates simplexes and finds pixels that
maximize their volumes. We use a improved version [14] that
takes the ATGP method to initialize the pixel samples.

2.4. Unsupervised Classification Methods

Owing to the enhancement of the resolution of remote sens-
ing spectrometers, the application of HSI classification has
become much more significant in recent years, see details in
[9]. Classification methods can be roughly divided into three
major types: supervised, semi-supervised and unsupervised
methods. Supervised methods are widely used for this task for
cases where a sufficient number of pixels have known values,
i.e., are labeled by field trips or other means. Semi-supervised
systems with a relatively small number of labeled pixels are
also used in HSI classification when techniques such as self-
training methods are used, see [9, 15]. Several unsupervised
HSI classification methods are recently tested and compared
on different datasets in [2]. There, K-means, non-negative
matrix factorization, and diffusion learning methods, which
are clustering-based methods that produce reasonable results
for selected HSI datasets. See the references [7, 10, 16].

In practice, however, the problem of unsupervised classifi-
cation of hyperspectral data is quite challenging. This is due,
in part, to such factors as high dimensionality, the presence
of substantial noise, variability of the spectra, overlap of the
classes, and inaccurate estimation of the number of endmem-
bers. We use here unsupervised techniques to classify or to



cluster the pixel dataset. Our purpose is to consider the appli-
cations of this important airborne AVIRIS-NG unlabeled data
for the study of land cover and land use and, especially, for
forest health and diversity in India. Recall that the AVIRIS-
NG data from India on the NASA-JPL portal is unlabeled.
We first look at the closely related topic of methods for hy-
perspectral pixel clustering.

The K-means clustering splits sets of pixels into n groups
with equal variance in order to minimize the within-cluster
sum of the squares. One potential issue with K-means is that
it can only produce spherical clusters. The Gaussian Mixed
Model (GMM) is a weighted mixture of multivariate Gaus-
sians which can represent skewed clusters [17]. Graph-based
approaches can contribute to some unsupervised HSI classifi-
cation tasks, however, computational costs can be higher than
for methods such as K- means. The improved Anchor-based
Graph Clustering (AGC-I) method in [10] uses a small portion
of the dataset to optimize the affinity matrix by non-negative
and orthogonal constraints, and then uses K-means to cluster
the pixels. In this paper, we apply K-means and GMM on the
indicator matrices that AGC-I produce.

Next we consider two commonly used classification meth-
ods, abbreviated as SID and SAM, e.g. [7]. The spectral in-
formation divergence (SID) algorithm measures the relative
entropy between pixel vectors. It is capable of measuring both
spectral similarity and discriminability. The Spectral Angle
Mapper (SAM) is a method to compute a geometric angle in
N-dimensional space between two spectra. The SAM algo-
rithm maps spectral similarity between pixel vectors.

3. NUMERICAL EXPERIMENTS

In this section, we describe the results of dimensionality re-
duction methods on our AVIRIS-NG datasets and on end-
members extracted by multiple techniques. We then use the
endmembers to perform classification. Code for this study
can be found at: github.com/ckn3/UnsupAVIRISNG.

3.1. Dimensionality Reduction

Dimensionality reduction is a crucial step for large hyper-
spectral datasets. We keep 12 components for rSVD-based
PCA, 83 components for MNF, and 30 components for ICA
and RP. The reduced and denoised datasets reconstructed by
PCA, MNF and ICA are further used to extract endmembers.
The average reconstruction error for each pixel is defined as
err = (X−X̂2)

N , where X is the original dataset, X̂ is the re-
constructed data, and N is the number of pixels. Here the av-
erage reconstruction error for PCA, randomized SVD, ICA,
and MNF are: 0.0156, 0.0136, 0.0323, and 3.6402, respec-
tively.

3.2. Endmember Extraction Results

The results derived by ATGP and N-FINDR are displayed
in Figure 2, using spectral signatures of the endmembers. It
shows that ATGP and N-FINDR get similar results, by com-
paring the two columns. By comparing our results with spec-
tral libraries in the papers ([4, 7]) for SWS, we see that our
extracted endmembers correspond nicely to the true LULC
classes. Both ICA and rSVD-based PCA reconstructed data
can produce endmembers that very similar to those of the
original dataset. The MNF reconstructed data produces 2 end-
members (EM3, 5) that are noisy, but extracts 4 tree species
as well. The NFINDR results are more robust with less ran-
domness, so we use NFINDR for further processing.

Fig. 2: Spectral Signatures of the Extracted Endmembers

The abundance maps shown in the next section are based
on the endmembers obtained in this section, using the tech-
niques we have discussed. The maps help us to verify and
illustrate the classes associated with the extracted endmem-
bers.

3.3. Abundance Maps

NNLS derived Spectral Abundance Maps are plotted to visu-
alize the spectral abundance of each endmember. It is applied
to each pixel x in the dataset using the endmember signa-
tures Z [18], i.e. min ‖x− Zd‖2, where d is the weight vec-
tor of endmembers. All the abundances are normalized, so
the abundances of each pixel add up to 1.

Figure 3 shows the NNLS abundance maps using end-
members derived from the datasets we reconstruct and the



(a) Original data

(b) PCA (rSVD based) reconstructed data

(c) ICA reconstructed data

(d) MNF reconstructed data

Fig. 3: The NNLS Abundance Maps of the Endmembers:
EM1 - EM7 from left to right

original dataset, using false colors. Together with these end-
members, the abundance maps can be used to align distinct
classes. A brighter color means the corresponding endmem-
ber has a higher abundance. The rSVD-based PCA and
ICA produce comparative results to those using the original
dataset. The MNF reconstructed data gives nice results on
identifying tree species, but mixes different dry soil types,
which is indicated by the endmemebers in Figure 2.

3.4. Clustering & Classification Results

Here we apply some clustering methods, and classification
methods based on spectral profiles of endmembers extracted
in Section 3.2. All of these methods are unsupervised and la-
bels are not available. In general, the clustering methods pro-
duce comparable results to those of endmember-based classi-
fication methods [9].

We perform K-means and GMM on the original dataset
as well as several datasets we derived and get comparable re-
sults, see Figure 4. For the AGC-I, 3.3% of the pixels are used
as anchors to estimate the affinity matrices. The GMM highly
improves the MNF+K-means result, since GMM can mitigate
the effect of inaccurate approximation of noise in MNF.

Other unsupervised classification methods for HSI, SID
and SAM, are tested based on the extracted endmembers as
well. The ICA and PCA reconstructed data are used in these
approaches, see Figure 5. In general, SAM outperforms SID,
identifying more tree pixels which are correspond to the RGB
scene. ICA reconstructed data distinguishes different tree
species and dry soil better than the PCA reconstructed data,
which has a very low rank. The SID and SAM results are

Fig. 4: Results of clustering based classification

Fig. 5: Results of endmember based classification

similar to the clustering based classification results.

4. CONCLUSIONS AND FUTURE WORK

In this study, we have discussed and tested several methods
for dimensionality reduction and endmember extraction, to be
used in the challenging problems of unsupervised clustering
and classification. Our purpose was to compare methods in
terms of feasibility for use in land cover and land use (LCLU)
studies in India using AVIRIS-NG hyperspectral data. We
used test data from the Shoolpaneshwar Wildlife Sanctuary
in Gujarat state, located in northwestern India. That site has
been used for several recent LCLU studies, see e.g. [1, 4, 7].

In our tests we found that for the preprocessing step of
dimensionality reduction, the PCA and ICA reconstructed
datasets have the smallest reconstruction errors, and further
produce very similar results as in processing the original
dataset. The PCA method is implemented using a random-
ized truncated SVD method as well for numerical efficiency,
which performs the fastest and preserves the fewest princi-
pal components, and has a small reconstruction error. Also,
GMM can reduce the effect of inaccuracy of MNF noise
estimation.

The endmember extraction methods yield several interest-
ing results.

• The endmembers extracted from the PCA and ICA re-
constructed datasets are similar to the endmembers ex-
tracted from Original dataset.

• The MNF reconstructed data produces a few noisy end-
members, but extracts tree species well.

• The endmembers derived from the PCA and ICA re-
constructed data by N-finder were used further in our
best classification results.



For major future work, we plan to test the diffusion ma-
chine learning methods [16], which take advantage of diffu-
sion distance and avoid non-linear distribution of data which
handicaps methods such as K-means. This work will be in
collaboration with Prof. James Murphy and Sam Polk at Tufts
University. More randomized dimensionality reduction meth-
ods will be considered in order to improve the computational
efficiency, e.g. [19]. We will also improve the quality of ex-
tracted endmembers by normalizing and considering spectral
variability the HSI data. This is often necessary since a single
spectral profile is not always sufficient to represent a material
[11].
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