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Comparative Study of Intrinsic Dimensionality
Estimation and Dimension Reduction Techniques
on Hyperspectral Images Using K-NN Classifier
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Abstract—Nowadays, hyperspectral remote sensors are readily
available for monitoring the Earth’s surface with high spectral
resolution. The high-dimensional nature of the data collected by
such sensors not only increases computational complexity but
also can degrade classification accuracy. To address this issue,
dimensionality reduction (DR) has become an important aid to
improving classifier efficiency on these images. The common
approach to decreasing dimensionality is feature extraction by
considering the intrinsic dimensionality (ID) of the data. A wide
range of techniques for ID estimation (IDE) and DR for hyper-
spectral images have been presented in the literature. However,
the most effective and optimum methods for IDE and DR have
not been determined for hyperspectral sensors, and this causes
ambiguity in selecting the appropriate techniques for processing
hyperspectral images. In this letter, we discuss and compare ten
IDE and six DR methods in order to investigate and compare
their performance for the purpose of supervised hyperspectral
image classification by using K-nearest neighbor (K-NN). Due
to the nature of K-NN classifier that uses different distance met-
rics, a variety of distance metrics were used and compared in
this procedure. This letter presents a review and comparative
study of techniques used for IDE and DR and identifies the best
methods for IDE and DR in the context of hyperspectral image
analysis. The results clearly show the superiority of the hyperspec-
tral signal subspace identification by minimum, second moment
linear, and noise-whitened Harsanyi–Farrand–Chang estimators,
also the principal component analysis and independent component
analysis as DR techniques, and the norm L1 and Euclidean dis-
tance metrics to process hyperspectral imagery by using the K-NN
classifier.

Index Terms—Dimension reduction, distance metric, feature
extraction, hyperspectral images, intrinsic dimension estimation
(IDE), K-nearest neighbor (K-NN) classifier.

I. INTRODUCTION

A S A RESULT of current developments in remote sensing
sensors, hyperspectral remote sensing imagery is now

widely available and is becoming viable tools for monitoring
the Earth’s surface [1], [2]. Hyperspectral sensors offer a dense
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sampling of the spectral range of the sensor, thus facilitating
better discrimination among similar ground cover classes than
traditional multispectral scanners with low spectral resolution.
These images provide valuable observations at hundreds of fre-
quency bands (very narrow spectral bands) that are highly cor-
related with each other and may contain redundant information
[3]. This high dimensionality not only increases computational
complexity but also may degrade classification accuracy [4].
As the dimensionality of remotely sensed imagery increases,
the classification accuracy improves at first but then declines
when the number of the training samples is low and finite
and remains constant. This problem is referred to as Hughes
phenomenon or Bellman’s curse of dimensionality [3]. Subse-
quently, dimensionality reduction (DR) in hyperspectral image
data without losing relevant information about objects for the
purpose of classification has become a topic of great interest in
recent years [1], [2]. Hyperspectral DR is the transformation of
a given hyperspectral image into a meaningful representation
with reduced dimensionality. Ideally, the reduced image has a
dimensionality that corresponds to the intrinsic dimensionality
(ID) of the data. The ID of a data set is the minimum number
of free variables needed to model the data without loss [5].
A DR technique transforms given hyperspectral images into
new hyperspectral images with dimensionality d̂, while pre-
serving the geometry of the hyperspectral image as much as
possible.

The true dimensionality of hyperspectral imagery is diffi-
cult to determine in practice, since its ID simply cannot be
determined by the dimensionality of image data. There are
different techniques that estimate ID for hyperspectral images,
most of which cannot exactly determine the dimensionality of
hyperspectral images [6]. The results of this study can be used
to decrease effects of inaccurate ID estimation (IDE) in clas-
sifying hyperspectral imagery. Furthermore, the most effective
and optimum methods for IDE have not been determined for
hyperspectral sensors, and this causes some ambiguity when
selecting appropriate techniques for processing hyperspectral
images. This letter investigates the performance of ten IDE
techniques for hyperspectral images with a variety of six DR
methods and the K-nearest neighbor (K-NN) as supervised
classifier with variable parameters [7]. The K-NN classifier
is one of the most convenient and widely used nonparametric
classifier techniques and has been successfully used to classify
hyperspectral images by researchers. In addition, the K-NN
classifier uses different distance metrics for measuring the dis-
tance between their objects, and this may be helpful to process
hyperspectral imagery.
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II. IDE

Several techniques have been proposed in order to estimate
the ID in hyperspectral images [5], [6], [8]–[11]. Due to high
spectral resolution of a hyperspectral image, classifiers cannot
extract many unknown spectral signal sources. Therefore, it is
very challenging and difficult to determine how many spectral
signal sources are present in a hyperspectral image [8]. In our
case (classification of hyperspectral imagery), the accuracy of
a classified image depends on the correct extraction of features
from the high-dimensional image. This issue can be handled by
better estimating the ID in the hyperspectral image. In addition,
the value of the ID actually varies with different image frames
depending upon the content of the image. Techniques for IDE
can be used to circumvent the problem of selecting proper target
dimensionality of hyperspectral images. For convenience, we
denote the estimation of the ID in hyperspectral images by
d̂. Methods for IDE can be divided into two groups [12]:
1) estimators based on the analysis of local properties of the
data and 2) estimators based on the analysis of global properties
of the data. In this letter, we discuss and compare ten IDE
techniques for hyperspectral DR. The first three are local IDE
techniques which are the correlation dimension (CD) estimator
[13], the maximum likelihood (ML) estimator [14], and the
Takens (TAK) estimator [15]. The next seven are global IDE
techniques: the eigenvalue (EV) estimator [16], the geodesic
minimum spanning tree (GMST) estimator [12], the second
moment linear (SML) [6], the hyperspectral signal subspace
identification by minimum error (Hysime) [8], the Hein (HEI)
estimator [17], the Harsanyi–Farrand–Chang (HFC) estimator
[5], and the noise-whitened HFC (NWHFC) estimator [5].

III. DIMENSION REDUCTION TECHNIQUES

DR is the transforming of data to a lower dimensional space
in such a way that irrelevant variance in the data is eliminated
and detected. DR has an applicable method for data visual-
ization and for extracting critical low-dimensional features. In
hyperspectral studies, the favored and optimal low-dimensional
features depend on the hyperspectral application. In general,
using hyperspectral images increases our ability to classify land
use/cover types. However, the image classification approach
that has been successfully applied to multispectral data in the
past is not as effective for hyperspectral data [18]. One major
application of DR is hyperspectral image classification. Using
insufficient training samples without DR will cause inaccurate
parameter estimation and, consequently, will lead to decreased
classification accuracy [19]. One of the approaches to improv-
ing the classification performance is to reduce dimensionality
via a preprocessing method, which takes the high-dimensional
space properties into account. Image DR is the transformation
that converts image data from a high-order dimension to a low-
order dimension (bands/features). In the case of hyperspectral
image classification, to obtain better result, there is no way to
incorporate a DR method to achieve a feature space with low
dimensionality. By using an IDE method, the dimensionality of
the feature space can be determined. In this letter, we discuss
and compare six DR techniques for hyperspectral images:
principal component analysis (PCA) [20], vertex component
analysis (VCA) [21], independent component analysis (ICA)

Fig. 1. Hyperspectral images and related ground truth data.

TABLE I
NUMBER OF TRAINING PIXELS IN EACH DATA SET

[22], linear discriminate analysis (LDA) [12], factor analysis
(FA) [23], and Gram–Schmidt (GS) [24].

IV. EXPERIMENTS AND RESULTS

In order to evaluate the potential of IDE methods, three
different hyperspectral images [25] with different image pixel
sizes were used (Fig. 1). Data set 1 was gathered by the Air-
borne Visible/Infrared Imaging Spectrometer (AVIRIS) sensor
over the Indian Pines test site in Northwestern Indiana and
consists of 145 × 145 pixels and 224 spectral reflectance bands
in the wavelength range of 0.4–2.5 μm. This scene is a subset
of a larger one. The ground truth for data set 1 is composed
of 16 classes. We have also decreased the bands to 200 by
eliminating bands covering the region of water absorption:
{104–108}, {150–163}, and 220 [8]. Data set 2 was collected
by the 224-band AVIRIS sensor over Salinas Valley, CA, and
is characterized by high spatial resolution (3.7-m pixels). This
image has 512 × 217 pixels. As with data set 1, we removed the
20 water absorption bands, which, in this case, are the following
bands: {108–112}, {154–167}, and 224. The data set 2 ground
truth contains 16 classes. Data set 3 is acquired by the Reflective
Optics System Imaging Spectrometer (ROSIS) sensor during
a flight campaign over Pavia, Northern Italy. The number of
spectral bands is 103 for the Pavia University data set. Data set
3 is 610 × 340 pixels. The geometric resolution of data set 3 is
1.3 m, and the ground truth includes nine classes.

Thirty percent of the ground truth pixels are used for train-
ing the classifier. These data sets are selected by considering
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TABLE II
DETAILS OF IDE

Fig. 2. Flowchart of IDE and DR methods for hyperspectral images.

TABLE III
DIFFERENT K-NN CLASSIFIER DISTANCE METRICS

different types and the variety of pattern classes. Data set 1
has an agricultural pattern with complex classes, and data set
2 has wide spread classes with different textures. Data set 3
has more complicated classes compared to other data sets with
urban facilities. The actual pixels used to train the classifiers of
these three data sets are represented in Table I.

Most of the IDE techniques that we used in this study
do not have any specific parameter, although Hysime, HFC,
NWHFC, and SML have some initial parameters. The Hysime
method begins by estimating the signal and the noise correlation
matrices; it then selects the subset of eigenvectors. In this
manner, the Poisson noise type is selected for noise estimation
for every pixel and noise correlation matrix estimates. The
Hysime algorithm not only is used for IDE but also prepares a
matrix to project the hyperspectral image and, therefore, can be
used as a DR technique [8]. In the HFC and NWHFC methods,
the false-alarm probability is set to Pf = 10−5 [5]. In the SML
algorithm, the significance α level must be considered, and
dimensionality must be selected for α between 25× 10−3 and
53× 10−3 [6]. Table II presents the value of different IDEs
(d̂) for the three image data sets. From Table II, it is clear
that all IDE methods have the same trends in extracting the ID
dimension from the hyperspectral image. Also, these methods
appear to exhibit a good degree of consistency and behave
in a predictable manner for the range of data that they were
tested on.

TABLE IV
PERFORMANCE OF K-NN CLASSIFIER IN DATA SET 1 (IN PERCENT)

Fig. 3. Best classified map for each DR method for data set 1.

The next step after estimating the ID number is to employ
DR methods (Fig. 2). For example, if d̂ for the HFC estimator
from Table II is 22, it means that 22 features are retained at
the DR step and feature extraction method reduced the feature
space to 22 bands. Before the extraction of features by using ID
numbers, a minimum noise fraction (MNF) was used to remove
and reduce noise in the hyperspectral data caused by the image
sensor. The MNF transform is a linear transformation which
is essentially two cascaded PCA transformations [26]. This
algorithm does not have much influence on the classification
result but reduces image noise in hyperspectral images. To
study the properties of the IDE and DR methods, it is necessary
to apply a supervised classification procedure to the extracted
features. Here, the K-NN classifier has been adopted for super-
vised classification. A number of distance metrics were used,
which were as follows (Table III): the Euclidean distance (Ed),
the norm L1 distance (L1), the spectral angle distance (Sa), and
the correlation distance (Co).

In Table III, xr and xs are two vectors with the dimension of
n, and x̄r and x̄s are the mean values of those vectors. There
are a lot of indices that are used to evaluate the performance
of supervised classification; from these indices, the overall
accuracy shows better results in classifying remote sensing
images [27]. Then, in this letter, the overall accuracy is used
for evaluating the hyperspectral classification procedure.
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TABLE V
PERFORMANCE OF K-NN CLASSIFIER IN DATA SET 2 (IN PERCENT)

Fig. 4. Best classified map for each DR method for data set 2.

The performance of supervised classification by using fea-
tures extracted from hyperspectral images (data set 1) with a
variety of metric distances is presented in Table IV. It is obvious
that the best classification performance is obtained by the ICA
method on data set 1. In addition, the Euclidean and norm L1
distance metrics perform more favorably in classifying data
set 1 using most IDE and DR methods. Fig. 3 shows the best
extracted classified map for each DR method by considering
the best IDE estimator and the best distance metric. In data set
1, the Hysime method has the best performance in extracting
the ID number. On the other hand, the worst IDE technique is
CD, the worst DR technique is LDA, and the worst distance
metric is the correlation distance in data set 1.

The same computation is done for data set 2; Table V
presents the performance of supervised classification on this
data set. From Table V, it is clear that the best feature classifi-
cation performance is obtained by the PCA method for data set
2. Again, the Euclidean and norm L1 distance metrics achieve
the best rank in classifying data set 2 with most IDE and DR
techniques. Fig. 4 shows the top extracted classified feature
map for each of the DR methods by considering the best IDE
estimator and the best distance metric. As before, for data set 2,
the Hysime method is the best in estimating the ID number. On
the other hand, the worst IDE technique is the CD method, the
worst DR technique is the LDA method, and the worst distance
metric is the correlation distance for data set 2.

Finally, we have the results obtained from data set 3 for the
study and comparison of IDE and DR techniques on hyperspec-
tral images. A comparison of the overall accuracy for data set
3 by using features extracted with various distance metrics is
presented in Table VI. From this table, the best outcome of

TABLE VI
PERFORMANCE OF K-NN CLASSIFIER IN DATA SET 3 (IN PERCENT)

Fig. 5. Best classified map for each DR method for data set 3.

classification is obtained by the PCA technique for data set
3. Similar to previous data sets, the Euclidean and norm L1
distance metrics achieve higher performance in classifying this
data set using most IDE and DR methods. In Fig. 5, the best
extracted classified feature map for each of the DR methods
utilizing the best IDE estimator and distance metric is shown.
In this data set, the SML method performs best in extracting the
ID number, and the worst IDE technique is the CD method, the
worst DR technique is the LDA method, and the worst distance
metric is the correlation distance.

To summarize the results obtained from Tables IV–VI and
investigate the potential of each DR and IDE technique with
comparative respect in three data sets, Fig. 6 shows the average
overall accuracy value for each DR method. Similar trends of
classifying hyperspectral data sets by using IDE techniques
are shown in Fig. 6(a). From this figure, it is clear that the
best three IDE methods are Hysime, SML, and NWHFC.
From Fig. 6(b), it is obvious that the average overall accu-
racy for component analysis methods (PCA, ICA, and VCA)
achieved higher performance in reducing the dimensionality of
hyperspectral images than the remaining DR methods in the
three utilized data sets. Also, extracted outputs show the similar
trend of procedure in these three data sets.
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Fig. 6. Comparative output for three data sets. Average overall accuracy in
(a) IDE techniques and (b) DR techniques.

V. CONCLUSION

In this letter, an extensive comparative study of the per-
formance of different IDE methods has been presented. The
IDE methods used were the EV estimator, the ML estimator,
the CD estimator, the GMST estimator, Hysime, the HFC
estimator, the NWHFC estimator, the SML, the HEI ID es-
timator, and the TAK estimator. The experimental results in
this letter clearly show that the Hysime estimator has superior
performance in comparison to other IDE techniques. Moreover,
different feature extraction techniques (PCA, VCA, ICA, GS,
FA, and LDA) have been utilized in a hyperspectral dimension
reduction process. As shown in this letter, using the PCA and
ICA techniques for feature extraction has better performance in
supervised image classification (higher than 80% in the overall
accuracy) in the three data sets. Also, as part of this supervised
classification process (K-NN classifier), different distance met-
rics (Euclidean, norm L1, spectral angle, and correlation) have
been compared. As can be seen in the results, the norm L1 and
Euclidean metrics have higher performance in hyperspectral
image classification. Looking more closely to the trend of
estimating ID numbers and extracting features by using the ID
number in these three data sets (Tables IV–VI), it is observed
that our implementation has good robustness in estimating the
ID number for the purpose of classifying hyperspectral images.
However, this topic still needs more investigation in the area
of the automatic determination of optimum IDEs, in selecting
suitable bands for classifying hyperspectral images regarding
the ID number, and in extracting appropriate features for cube
bands of hyperspectral images; also, this exercise should be
repeated using a classifier that uses parametric techniques, for
example, the support vector machine which is more compatible
and feasible to hyperspectral date processing, particularly for
feature reduction in hyperspectral images.
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