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Abstract. Hyperspectral remote sensing image analysis is a challenging
task due to the nature of such images. Therefore, dimensionality reduc-
tion techniques are often used as a step prior to image analysis. Although
there are approaches, which exploit spatial information in image analysis,
there is a lack of papers devoted to the problem of exploiting spatial infor-
mation in dimensionality reduction methods. This paper is devoted to
the problem of exploiting spatial context in nonlinear mapping method,
which is one of the oldest and well-known dimensionality reduction tech-
niques. To address this task, we use two possible approaches, based on
window functions, and order statistics. We provide experimental results
for several tasks of hyperspectral image analysis, namely classification,
segmentation, and visualization. All the experiments were conducted
using well-known hyperspectral images.
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1 Introduction

A hyperspectral image is a three-dimensional array having two spatial dimen-
sions, and one spectral dimension. Every pixel of a hyperspectral image is a
vector containing hundreds of components corresponding to a wide range of
wavelengths. Compared to grayscale and multispectral images, hyperspectral
images offer new opportunities allowing to extract information about materials
(components) located on images. Thanks to these unique properties, hyperspec-
tral images are used in agriculture, medicine, chemistry and many other fields.

However, the high dimensionality of hyperspectral images often makes it
impossible to directly apply traditional image analysis techniques to such images.
For this reason, dimensionality reduction techniques are often used as a step prior
to image analysis.

To reduce the dimensionality of hyperspectral images both linear and non-
linear dimensionality reduction techniques are used. Linear techniques includ-
ing principal component analysis [1], independent component analysis [2], and
projection pursuit are used more often. Nonlinear dimensionality reduction tech-
niques (based on Isomap [3], locally linear embedding [4], laplacian eigenmaps [5],
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nonlinear mapping [6]) are used less often, although it is known [3] that hyper-
spectral remote sensing images are subject to nonlinear effects due to nonlinear
variations in reflectance, multipath light scattering, and the variable presence of
water.

All considered dimensionality reduction techniques operate in a spectral
space. But as it was outlined earlier, a hyperspectral image contains both spec-
tral and spatial information. And the last type of information remains unused
in traditional dimensionality reduction techniques. Although we can point out
many papers that exploit spatial information in image analysis, and, particular,
in hyperspectral image analysis (a recent review on this topic can be found in
[8]), there is a lack of papers devoted to the problem of exploiting image spatial
information in dimensionality reduction techniques. The purpose of this paper is
to study the effectiveness of exploiting spatial information in the nonlinear map-
ping method, which is one of the oldest and well-known dimensionality reduction
techniques.

The paper is organized as follows. In Sect. 2 we describe the dimensionality
reduction approach used in this paper, and describe two schemes of exploiting
spatial context. Section 3 contains the results of experiments for several tasks of
image analysis, namely classification, segmentation (clustering), and visualiza-
tion. The paper ends with conclusion.

2 Methods

2.1 Dimensionality Reduction

The nonlinear mapping method, that was adopted in this study as a dimen-
sionality reduction technique, maps pixels of a hyperspectral image from a high
dimensional hyperspectral space RM into a low dimensional space RL.

Let us denote the number of image pixels as N , the input pixel vectors in
RM as xi, the output pixel vectors in RL as yi. Then the quality of a mapping
can be written as a weighted sum of squared differences of distances between
corresponding points in RM and RL:

ε = μ ·
N∑

i,j=1,i<j

(νij(d(xi, xj) − d(yi, yj))2). (1)

Here d() is a distance function, which is usually the Euclidean, μ and νij are
constants. In this study, we used μ = 1/

∑
i<j d2(xi, xj), νi,j = 1. However, other

values of constants can be used (see, for example, the Sammon’s mapping [7]).
Usually, gradient descent based approaches are used to minimize the above

error (1). But due to the high computational complexity of the basic gradient
descent, we use the stochastic gradient descent approach [9]:

yik(t + 1) = yik(t) + 2αμ

R∑

j=1

νi,rj · d(xi, xrj ) − d(yi, yrj )
d(yi, yrj )

· (yik(t) − yrjk(t)). (2)
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In this equation r is the random vector of indices generated at each iteration t of
the optimization process, rj is the j-th element of this vector, R is the number
of elements in r, α is the coefficient (step size) of the gradient descent.

On the whole, the nonlinear mapping method adopted in this paper con-
sists in the initialization of output coordinates yi(0) following by the iterative
optimization using (2) until coordinates yi(t) become stable. This simple algo-
rithm allows us to find a suboptimal configuration of points yi in the output
space RL. The computational complexity is O(MLRN) per one iteration of the
optimization algorithm that makes it possible to process hyperspectral images.

2.2 Exploiting Spatial Context in Dimensionality Reduction

The described above nonlinear mapping method (as many other dimensionality
reduction techniques) do not provide a direct ability to account for a spatial
context. In this paper, to overcome this limitation we embed spatial context
information in dissimilarity measures. In particular, we follow the general idea
of extending the feature space by the contextual information, extracted from
spatial neighborhood of image pixels. The most obvious way is to extend the
feature vector of a pixel by concatenating the values of neighbor pixels. The
following equation shows such extension for a pixel with spatial coordinates
(u, v) in the case of 4 pixel neighborhood (in contrast to the rest of the paper,
here we use spatial coordinates of the pixel):

x∗
u,v = (xu,v, xu−1,v, xu,v+1, xu+1,v, xu,v−1) . (3)

Window Functions. Contrary to feature selection techniques, which allow one
to automatically detect informative and noninformative components of extended
feature vectors, for unsupervised dimensionality reduction techniques it is impos-
sible to automatically adjust the impact of particular neighbors. To overcome
this problem, we can use some weighting coefficients to control the impact of
particular neighbors in a dissimilarity measure. For the Euclidean distance

d(xi, xj) =

√√√√
M∑

m=1

(xim − xjm)2, (4)

the modification can be written in the form:

ρ(x∗
i , x

∗
j ) =

(
K∑

k=1

wk

M∑

m=1

(x∗
i,kM+m − x∗

j,kM+m)2
)1/2

. (5)

Here K is the number of pixels in a spatial neighborhood, wk are weighting
coefficients.

Intuitively, we can suppose that greater values of coefficients should corre-
spond to closer pixels, and smaller values should correspond to further ones.
Also we can suppose that weighting coefficients don’t depend on a direction.
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In this case, such coefficients can be described by two-dimensional radial-
symmetric window function. There were proposed a number of window func-
tions that used widely in signal processing. Examples of such functions include
Rectangle, Triangle, Gauss, Bartlet, Welch, Blackman, Hann, Nuttal window
functions and others. In this paper, we use window functions based on the fol-
lowing equation (Fig. 1):

w(r) =

⎧
⎨

⎩

1 − (r/R)p, if(r ∈ [0;R])and(p ≥ 0);
(1 − r/R)−p, if(r ∈ [0;R])and(p < 0);
0, otherwise.

(6)

It should be noted that for particular values of p, this equation leads to some
special windows: triangle window for p = 1, rectangle window for p = ∞.

Fig. 1. Window functions.

Order Statistics. Another way of exploiting contextual information consists in
using of the order statistics. Let us consider the sample x1, x2, . . . xK . By sorting
the sample and reindexing the values of the sample so that x(1) ≤ x(2) ≤ . . . ≤
x(K), we obtain the set of the order statistics x(i). The first and the K-th order
statistics are x(1) = min{xi}, x(K) = max{xi} correspondingly.

To embed the contextual information, for each pixel xi we consider a spatial
neighborhood of radius R, and order pixels of the neighborhood by Euclidean
distances to the pixel xi in a spectral space. Then the feature space is extended
by the first S order statistics (xi is included in the neighborhood as x(1)):

x∗
i =

(
x(1), x(2), . . . , x(S)

)
. (7)

The modified dissimilarity measure takes the form:

ρ(x∗
i , x

∗
j ) =

(
S∑

s=1

ws

M∑

m=1

(x∗
i,sM+m − x∗

j,sM+m)2
)1/2

. (8)

Here we use inverse weighting ws = 1/s, and S is the number of the order
statistics used as a spatial context.
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3 Experimental Study

In our experiments, we used open and well-known hyperspectral remote sens-
ing scenes [10]. Here we provide experimental results for Indian Pines scene
(Fig. 2(a)), 145 × 145 pixels, 224 spectral bands acquired using AVIRIS sensor.
Only 200 bands were selected by removing bands with the high level of noise and
water absorption. This hyperspectral scene is provided with the groundtruth seg-
mentation mask (Fig. 2(b)) that was used to evaluate the quality of classification
and segmentation.

Fig. 2. Indian Pines scene: (a) false color representation of the image produced using
nonlinear mapping; (b) ground truth image (classified pixels are shown with colors);
(c) image pixels mapped into 3D space using nonlinear maping and spatial context
(Color figure online).

3.1 Classification of Hyperspectral Image Data

In this section we present the evaluation of described approaches to exploiting
spatial context in terms of a classification quality. We use two well-known clas-
sifiers for features obtained using the described nonlinear mapping algorithm,
and exploiting spatial context. In the evaluation we use the following classifiers:
k-nearest neighbors classifier (NN), and support vector machine (SVM). To per-
form experiments we divide the whole set of ground truth samples into a training
subset, containing 60% of the sample, and a test subset, containing 40% of the
sample.

Window Functions. Some results devoted to the study of window functions
are shown in the Fig. 3. In all present cases the leftmost value of p corresponds
to the window function

δ(r) =
{

1, if(r = 0),
0, else,

(9)

which means that no spatial context is exploited in the nonlinear mapping. The
rightmost value corresponds to the rectangular window function (Rect), which
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Fig. 3. The dependency of the classification accuracy (Acc) on the parameter p of the
window function (6) for the specified dimensionality L of the reduced space RL, and
different neighborhood radius R: radius R = 1 (a), neighborhood radius R = 2 (b),
neighborhood radius R = 3 (c). Parameter values δ and Rect correspond to special
cases of window function: delta function (9) and rectangle window function.
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is equal to 1 for all pixels inside a neighborhood. The intermediate value p = 1
corresponds to triangle window function.

As it can be seen, in almost all considered cases the classification accuracy
was significantly improved by exploiting the spatial context with p ≥ 1 over the
accuracy at δ (without spatial context). The triangle window (p = 1) can be
considered as a good choice for all considered examples.

Order Statistics. Results devoted to the study of the approach based on the
order statistics are shown in the Fig. 4. Here the leftmost value S = 1 corresponds
to the case when only central pixel of a spatial neighborhood was used, and no
spatial context was exploited. The value S = 2 means that the first nearest
(in a spectral space) neighbor from spatial neighborhood was used as a spatial
context, and so on. The rightmost values of S correspond to cases, when the
whole spatial neighborhood was used in calculations.

As it can be seen from the figure, in all considered cases the classification
accuracy was significantly improved by exploiting the spacial context again. In
almost all considered examples, the more order statistics was used, the better
was the classification quality.

It is worth noting that in both experiments (window functions and order
statistics) a greater gain is observed for a nearest neighbor classifier compared
to SVM. In some cases NN classifier outperformed SVM in a reduced space. We
can explain this by the fact that the reduced space is formed by the nonlin-
ear mapping, which operates on the principle of preserving pairwise distances
between pixels (in hyperspectral and reduced spaces).

Comparison to Principal Component Analysis. In this subsection we com-
pare two approaches to incorporating of the spatial context, and the widely used
linear Principal component analysis technique. Principal component analysis
(PCA) technique finds a linear projection to a lower dimensional subspace max-
imizing the variation of data. PCA is often thought of as a linear dimensionality
reduction technique minimizing the information loss. The results of the compar-
ison are shown in the Fig. 5. As it can be seen, both approaches outperform the
standard PCA technique, and the nonlinear mapping with the order statistics
was better than the nonlinear mapping with window function (maximum num-
ber of order statistics was used in this experiment, and P = 1 was used as a
parameter for window function).

3.2 Clustering and Segmentation of Hyperspectral Image Data

In this section we present an evaluation of the described approach for clustering
and segmentation of hyperspectral image.

A segmentation method adopted in this paper is based on a clustering tech-
nique, and is quite straightforward. It consists of two steps. At first, the clustering
of image pixels is performed in the reduced space. At this stage, a clustering algo-
rithm partitions a set of image pixels into some number of subsets, according
to pixels features. At second, an image markup procedure extracts connected
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Fig. 4. The dependency of the classification accuracy (Acc) on the number S of the
order statistics for the specified dimensionality L of the reduced space RL, and different
neighborhood radius R: radius R = 1 (a), neighborhood radius R = 2 (b), neighborhood
radius R = 3 (c).
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Fig. 5. The dependency of the classification accuracy (Acc) on the dimensionality Dim
of the reduced space (RL) for different techniques: SVM classifier with PCA and NLM
+ Window based spatial context (a), SVM classifier with NLM + window based spatial
context and NLM + order statistics (b), NN classifier with PCA and NLM + Window
based spatial context (c), NN classifier with NLM + window based spatial context and
NLM + order statistics (d).

regions of an image containing pixels of corresponding clusters. There is a num-
ber of clustering algorithms belonging to the following classes [11]: hierarchical
clustering, density-based clustering, spectral clustering, etc. While a number of
clustering algorithms have been proposed, the well-known k-means algorithm
[12] remains the most frequently mentioned approach. In this paper, we used
this algorithm with the squared Euclidean distance measure. To initialize cluster
centers we used the k-means++ algorithm [13]. It was shown that k-means++
achieves faster convergence to a lower local minimum than the base algorithm.
To obtain a satisfactory solution, we varied the number of clusters from 10 to
50. For each specified number of clusters we initialized and ran clustering for 5
times to get the best arrangement out of initializations.

To measure the quality of segmentation and clustering, we used one of the
most commonly used measures - Rand index [14]. This measure is intended for
the evaluation of clustering methods, and is defined as follows:

RI(S1, S2) =
1(
N
2

)
∑

i,j,i �=j

(
I(l1i = l1j ∧ l2i = l2j ) + I(l1i �= l1j ∧ l2i �= l2j )

)
(10)

Here I() is the indicator function, lki is the label (segment) of the i-th pixel on
the k-th segmentation. The denominator is the number of all possible unique
pairs of N pixels.

The results of the study are shown in the Fig. 6. As it can be seen, exploit-
ing spatial context in nonlinear mapping provide higher values of Rand index
compared to linear PCA technique in all cases. Higher values of RI mean better
clustering and segmentation results. Besides that, using the first approach pro-
vided about 25% less number of segments on average (not shown on the figure),
that means less oversegmentation.
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Fig. 6. The dependency of the Rand index (RI) on the number of clusters C for the
specified dimensionality L of the reduced space (RL), and dimensionality reduction
techniques (nonlinear mapping with spatial context NLM + SC and principal compo-
nent analysis PCA).

3.3 Visualization of Hyperspectral Image Data

Described above approach to the dimensionality reduction can be used as a
means of visual data analysis. By specifying the dimensionality L = 2 or L = 3
of the output space RL, we can obtain 2D or 3D mappings of hyperspectral
data. An example of 3D mapping of the test hyperspectral image is shown in
the Fig. 2(c). We do not provide an evaluation of the quality of such mapping as
this is out of the scope of the paper.

Besides that, dimensionality reduction techniques operating on the principle
of preserving the pairwise distances between image pixels, can be applied to
make hyperspectral image representation with special properties. An example
of such representation is shown in the Fig. 2(a). Its distinguishing feature is
that the distances between image pixels of the rendered image in color space
approximate the distances between pixels in the source hyperspectral space.
Similarly, the technique proposed in this paper can be used to produce false color
representations of hyperspectral images using nonlinear mapping and spatial
context.

4 Conclusion

In this work we proposed and evaluated the unsupervised nonlinear mapping
technique, which exploit the spatial context of hyperspectral images. We eval-
uated two approaches to incorporating of the spatial context in the mapping
technique. To evaluate the proposed technique, we considered three different
tasks of hyperspectral image analysis, namely classification, segmentation, and
visualization of hyperspectral images. Experimental study showed that proposed
approaches can be successfully applied in hyperspectral image analysis.
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