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In this paper, we present a novel multiple 1D-embedding based clustering (M1DEBC)
scheme for hyperspectral image (HSI) classification. This novel clustering scheme is an
iteration algorithm of one dimensional (1-D) embedding based regularization, which is
first proposed by J. Wang.21, 22 In the algorithm, at each iteration, we do the following
three steps. First, we construct a 1-D multi-embedding, which contains k different ver-
sions of 1-D embedding. Each of them is realized by an isometric mapping that maps all
the pixels in a HSI into a line such that the sum of the distances of adjacent pixels in the
original space is minimized. Second, for each 1-D embedding, we use the regularization
method to find a per-classifier to give each unlabeled sample a preliminary label. If all
of the k different versions of regularization vote the same preliminary label, then we call
it a feasible confident sample. All the feasible confident samples and their correspond-
ing labels constitute the auxiliary set. We randomly select a part of the elements from
the auxiliary set to construct the newborn labeled set. Finally, we add the newborn la-
beled set into the labeled sample set. Thus, the labeled sample set is gradually enlarged
in the process of the iteration. The iteration terminates until the updated labeled set
reaches a certain size. Our experimental results on real hyperspectral data sets confirm
the effectiveness of the proposed scheme.
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1. Introduction

Hyperspectral remote sensing is recently developed technology and has advanced

significantly over the past two decades.1 The hyperspectral imaging sensors can cap-

ture digital images in hundreds of continuous narrow spectral bands, which span

the visible to infrared spectra. The pixels in hyperspcetral image (HSI) are repre-

sented by vectors, whose Entry is corresponding to the reflectance spectrum of a

band. Different materials usually reflect electromagnetic energy differently at spe-

cific wavelengths. This detailed spectral information in HSI provides opportunities

for a wide range of applications and increases the possibility of more accurately dis-

criminating materials of interest.3 One of the most important applications of HSI

is image classification. All the pixels in the image are given specific labels based on

their spectral characteristics. For each class, only a small set of labeled samples are

available.

The research in this area was very active in recent years.12, 13, 15, 16 Many HSI

classification methods have been developed. Among them, the support vector ma-

chine (SVM) has shown good performances.15 However, the SVM approaches use

the spectral information only. Besides, the number of labeled samples used in the

training phase of the SVM approaches is required not too small. However, in real

applications getting labeled samples are often very expensive. This fact limits the

usage of SVM approaches. In order to further improve the classification accuracy of

HSI, researchers are trying to utilize the rich spatial information contained in the

HSI data set. In practice, the class of a given pixel and its neighboring pixels have

high probability of belonging to the same class. Therefore, exploiting the spectral

and spatial information simultaneously can improve the classification accuracy of

HSI. Many methods that exploited the spectral and spatial information have been

proposed.4, 9, 19, 20 In particular, Fauvel et al.10 gave a survey of spectral-spatial

classification algorithms.

Kernel method is the commonly used technique to incorporate spectral and spa-

tial information. For example, the composite kernel machines proposed by Gustavo4

constructed a family of composite kernels that easily combine spatial and spectral

information. Li et al.14 further developed a new family of generalized composite

kernels to exhibit great flexibility when the spectral and the spatial information

are combined. Besides, researchers have also used sparse representation method to

incorporate the spatial and spectral information. Chen et al.5 proposed the kernel

sparse representation framework to deal with the HSI classification, which adopted

a kernel-joint sparsity model to incorporate the spatial information.

In addition to the aforementioned methods, other spatial-spectral classification

methods also proposed. Farani et al.19 proposed the spatial-aware dictionary learn-

ing to incorporate the spatial information. They first partitioned all the pixels in
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a HSI into a number of spatial adjacent areas, then modeled the pixels inside a

area as members of a common subspace. Sun et al. Meanwhile,20 proposed the spa-

tially adaptive total variation (SpATV) regularization to enforce a spatially smooth

classifier.

In this paper, we propose a new spectral-spatial classification framework named

multiple 1D-embedding based data clustering (M1DEBC). The newly proposed

M1DEBC adopts the general M1DE-based classification algorithms21, 22 in the HSI

case. As Ref. 22 and 21 mentioned, the M1DE framework generalizes the idea of

the smooth ordering of image patches proposed by Elad et al.17 The sorting based

image processing scheme has been successfully applied in image inpainting17 and

denoising.8, 23 Then, J. Wang21, 22 utilized their idea to develop the M1DE-based

algorithms in semi-supervised classification and obtain very promising results in

the experiments on the classification of handwritten digits. The above observation

motivates us to apply the algorithms in the semi-supervised classification of HSI.

The main scheme of the proposed M1DEBC is similar to the M1DELBoost al-

gorithm21 with a slight modification. For readers’ convenience, we briefly describe

the main steps of the scheme in the following: First all pixels in a HSI are isometri-

cally mapped onto several different point sequences on a line, which form a multiple

1D-embedding of the HSI. Then, a 1-D regularization algorithm is applied on each

1D-embedded sequence to construct a “weak”classifier. Integrating the weak classi-

fiers obtained all versions of the embedding and according to a certain voting role,

we obtain an assembled classifier, which extracts a newborn labeled set from the

unlabeled set. The newborn labeled set then is united with the current labeled set.

Repeated this process till the updated labeled set reaches a certain (large) size.

Then the final classifier is produced based on the enlarged labeled set.

The key issues in the paper are (1) how to define a metric to measure the

dissimilarity of pixels in HSI, (2) how to define the neighborhood structure on all

pixels in a HSI, and (3) how to tune the parameters in the M1DEBC algorithm

based on the features of HSI. Our main contributions are the following:

• We define the metric on HSI by the spectral angular measure (SAM).6, 7 To our

experiences, this metric more precisely describes dissimilarity between pixels.

• We define the neighborhood structure on HSI using the traditional spatial neigh-

bors, not from data graph.22 More precisely, the neighbors of a pixel are the

pixels in the (spatial) square centered at the pixel. The reason to define such a

neighborhood structure is that, in a HSI, the nearby pixels are most likely in the

same class.

• We tune the parameters for the HSI data. It is a necessary and important step

for produce high-qualified classifiers for HSI data sets.

The remainder of this paper is organized as follows. Section 2 reviews M1DE-

based algorithm and describes the features of the proposed M1DE-based data clus-

tering method in details. The experimental results on two Hyperspectral images are

shown in Section 3 to demonstrate the validity and effectiveness of the proposed



December 23, 2015 8:54 WSPC/WS-IJWMIP SBCHSI

Multiple One-Dimensional Embedding Based Clustering Scheme for Hyperspectral Image Classification 65

scheme. The conclusions and future works are drawn in Section 4.

2. M1DE-Based Clustering

The pixel-wise HSI classification is a multi-class problem. In this section, we will

describe the proposed binary classification framework. In practical application, we

will use the one-against-all (OAA) strategy to deal with the pixel-wise HSI classifi-

cation work. The proposed M1DEBC is a special form of M1DELBoost algorithm

in Ref. 21, in which at each iteration there are three steps: constructing 1-D multi-

ple 1D-embedding (or, shortly, 1-D multi-embedding), producing the weak classifier
~f , and building the feasible confident set. A detailed description of the algorithm

can be found in the paper.21 Hence, we only give a brief description of the scheme.

Particularly, we stress on what is special in the scheme.

First of all, we define the notations that will be adopted throughout this paper.

Let X ≡ {x1, x2, · · · , xn} be the given data set, where xi = [xi1, xi2, · · · , xim]T ∈
R

m. The elements in X belong to two different classes, i.e. X = A ∪ B,A∩ B = ∅.
There exists a label function g such that: g(xi) = 1, xi ∈ A and g(xi) = −1, xi ∈ B.
Let d(·, ·) be a distance defined on the m-dimensional space, and |A| denote the

cardinality of a set A. Let L ≡ {(x1, y1), (x2, y2), · · · , (xl, yl)} be a set of l la-

beled samples, where yi ∈ {1,−1} is the label of xi, i = 1, · · · , l, and U ≡
{xl+1, xl+2, · · · , xl+u} (l + u = n) be a set of u unlabeled samples. It is assumed

that u ≫ l. Now we want to learn a classifier f : X → {1,−1} that approximates g.

We now introduce the M1DEBC algorithm.

2.1. Construction of 1-D Multi-Embedding

The algorithm for the construction can be found in Subsection 2.1 of Ref. 22 and

Section 2 of Ref. 21. Here, to better describe the similarity between pixels in HSI,

we use the spectral angular measure (SAM)6, 7 to define the distance in M1DE:

d(x1, x2) = cos−1

(

< x1, x2 >

‖x1‖‖x2‖

)

(2.1)

where < x1, x2 >= Σm
k=1x1kx2k and ‖xi‖ = [Σm

k=1(xik)
2]1/2.

2.2. Construction of Weak Classifier based on 1D-embedding

The construction can be found in Subsection 3.1.2 of Ref. 21. We briefly describe

it in the following: The standard 1-D regression algorithm can be describes as the

following: Assume that a 1-D embedding h maps xj ∈ X to tsj . Write T = {tj}nj=1.

Then a label function g on X induces a label function f = g ◦ h−1 on T such

that f(ts(j)) = g(xj). Thus, we have f(tsi) = yi, 1 ≤ i ≤ l. Let a weak classifier

f restricted on T be represented as the vector f = [f1, f2, · · · , fn]T . Applying 1-D
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regularization, we can construct it as the solution of

f = argmin
f

1

2l

l
∑

i=1

(fsi − yi)
2 +

λ

2

n−1
∑

j=1

wj(△fj)
2, (2.2)

where △fj = fj+1 − fj, and wj > 0. The term
√
wj△fj represents the weighted

difference of f .

In this paper, we use two kinds of weight in the matrix D.

• Type 1. We set wj = 1
(△tj)2

. In this case, the term
√
wj△fj is a difference

quotient, which approximates Df at tj.

• Type 2. We set wj =
1

tj+1
. In this case, greater weights are assigned to the earlier

selected samples in order to reduce the bias of the sorting of the samples in X .

Note that, in the sorted sequence, the anterior pixels is favored by the greedy

algorithm.

The regularization parameter λ corresponding to these two types of weights is:

λ =















1

|X |max(wj + wj+1)
in Type 1,

1

max(wj + wj+1)
in Type 2.

(2.3)

2.3. Construction of Feasible Confident Set based on Ensemble of

Weak Classifiers

Let [h1, h2, · · · , hk] be a 1-D multi-embedding and f i be the weak classifier cor-

responding to the ith 1-D embedding hi. Then, the function qi = f i ◦ hi gives a

classification on X by sign(qi)(xj)). We now construct the ensemble classifier

q̄(xj) =
1

k

k
∑

i=1

sign(qi(xj)). (2.4)

If |q̄(xj)| = 1, this means that the predicted labels of all the k weak classifiers

are same, then, the label is more likely the real label of xj . Specifically, we make

the following decision: if q̄(xj) = 1, the prediction is xj ∈ A; if q̄(xj) = −1, the

prediction is xj ∈ B. The set

S = {xj ∈ U | |q̄(xj)| = 1}

is called the feasibly confident set. We further define

S+ = {xj ∈ S | q̄(xj) = 1}, S− = {xj ∈ S | q̄(xj) = −1}

and construct the newborn labeled set as follows: Let F+ be a subset of S+ contains

|S+|/2 samples randomly selected form S+; and F− be a subset of S− contains

|S−|/2 samples randomly selected form S−. Then we call F = F+∪F− the newborn

labeled set.
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2.4. Sorting-Based Classification

In the proposed M1DEBC scheme, the newborn labeled set F will join the labeled

set L to enlarge it. The process will be repeated until no more newborn labeled

set can be constructed. Finally, we use q̄ in (2.4) again (but based on the updated

labeled set) to label the set U . The outline of the scheme is summarized in Algo-

rithm 1.

Algorithm 1 Multiple 1D-Embedding Based Clustering

Inputs: m × n data matrix X = [x1, x2, · · · , xn], metric function d(·, ·), neigh-

borhood size B, index set I = {1, 2, · · · , n}, labeled set L and unlabeled set

U
Initialization: Compute the “newborn labeled set” F

1: while |F| > 0 do

2: Update: L = L ∪ F and U = U \ F
3: Compute the “newborn labeled set” F
4: end while

5: Label the unlabeled samples in U by q̄

Output: L

3. Experiments

3.1. Data Set and Experiment settings

Table 1: Indian Pines ground-truth classes and train/test sets

Class Samples
No. Name Train Test
1 Alfalfa 6 48
2 Corn-notill 144 1290
3 Corn-min 84 750
4 Corn 24 210
5 Grass/pasture 50 447
6 Grass/trees 75 672
7 Grass/pasture-mowed 3 23
8 Hay-windowed 49 440
9 Oats 2 18
10 Soybeans-notill 97 871
11 Soybeans-min 247 2221
12 Soybeans-clean 62 552
13 Wheat 22 190
14 Woods 130 1164
15 Building-Grass-Tree-Drives 38 342
16 Stone-steel towers 10 85

Total 1043 9323

In this section, two hyperspectral image data sets, AVIRIS 1992 Indian Pines

and University of Pavia are used for the experiments and comparisons. All of them
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are performed on a personal computer with Intel 3.4 GB CPU and 8 GB memory

under Windows 7, using MATLAB R13 as the platform for running the code. Each

experiment is repeated ten times, and the mean accuracy values are reported. These

two HSIs are described as follows.

• The Indian Pines was collected by the Airborne Visible/Infrared Imaging Spec-

trometer (AVIRIS) sensor over Northwestern Indiana in June of 1992. It consists

of 145 × 145 pixels, of which each has 220 spectral bands across the spectral

range from 0.2 to 2.4 µm. In the experiments, the number of bands is reduced to

200 by removing 20 water absorption bands (104-108, 150-163, and 220).11 The

spectral resolution is 10 nm and the spatial resolution is 20 m/pixel. It contains

16 ground-truth classes and a total of 10366 labeled samplesa. The name and

number of each class are illustrated in Table 1.

• The University of Pavia data set was collected by the Reflective Optics System

Imaging Spectrometer (ROSIS), over the urban area of the University of Pavia,

Italy. This scene has the size of 610×340 pixels, spatial resolution of 1.3m/pixel. It

comprises 103 spectral channels after removing 12 noisiest bands, the wavelength

ranges from 0.43 to 0.86 µm. There are nine ground truth classes, Table 2 shows

the number of labeled samples used for the experiment.

Table 2: University of Pavia ground-truth classes and train/test sets

Class Samples
No. Name Train Test
1 Asphalt 548 6304
2 Meadows 540 18146
3 Gravel 392 1815
4 Trees 524 2912
5 Metal sheets 265 1113
6 Bare soil 532 4572
7 Bitumen 375 981
8 Bricks 514 3364
9 Shadows 231 795

Total 3921 40002

The goal of the experiments is to illustrate the validity and effectiveness of

the proposed scheme. Many recently proposed state-of-the-art methods are used to

compare with the proposed approach, such as the kernelized simultaneous versions

of the subspace pursuit (KSSP), kernelized subspace pursuit with composite kernels

(KSPCK),5 contextual dictionary learning (CDL), spatial aware dictionary learn-

ing (SADL),19 sparse multinomial logistic regression with spatially adaptive total

variation (SMLR-SpATV),20 SVMs11 and SVMCK.4

In order to give a comprehensive comparison of these methods, for these two

hyperspectral images, we follow the same experiment settings for the training and

aAvailable online: http://dynamo.ecn.purdue.edu/biehl/MultiSpec
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test sets as used in.5, 19, 20 Specifically, for Indian Pines data set, we randomly select

about 10% of all the samples for training and the rest 90% for test. The number of

each class selected for training and test are illustrated in Table 1. For the University

of Pavia data set, we use the specific train and test sets as in5 for the experiment,

which is shown in Table 2. The experiment’s results used for comparison are ex-

tracted from the respective papers: SVM, SVMCK, KSSP and KSPCK are from,5

CDL and SADL from,19 and SMLR-SpATV from.20

For the two types of weights used in the proposed scheme, the first one approx-

imates Df using the difference quotient, which is denoted by SBC-DQ. The second

one reduces the bias of the sorting of the samples in X , which is denoted by SBC-

RB. Neighborhood size B and the number of 1-D embedding k in each iteration

are two important parameters for the proposed methods. In the experiments, B is

taken values from { 3, 5, 7, 9, 11, 13, 15 } and k is taken values from {2, 3, 4, 5,
6, 7, 8, 9 } for their tuning. Grid search is use to find the best parameters for each

data set. For the Indian Pines data set, k = 5 and B = 3 seem the best parameters

for SBC-DQ, while k = 3 and B = 3 for SBC-RB. For the University of Pavia data

set, k = 6 and B = 11 seem the best parameters for SBC-DQ, while k = 5 and

B = 5 for SBC-RB.

(a) (b) (c)

Fig. 1: For Indian Pines data set: (a) Ground truth map. (b) Training data. (c) Test

data.

All the results of SBC-DQ and SBC-RB are averaged over ten runs, and the

classification results are measured by the overall accuracy (OA), average accuracy

(AA), and kappa statistic(k). The OA is computed by the ratio between the cor-

rectly classified test samples and the total number of test samples, AA denotes the

mean of the accuracies on all of individual classes. And k is the kappa coefficient,

whose definition can be found in.18
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3.2. Indian Pines Data Set

For Indian Pines data set, we follow the standard setting in Ref. 5, i.e. |L| = 1043

(about 10% of the available samples are labeled), and these labeled samples were

randomly selected in each class according to Table 1. This experiment setting is

consistent with.5, 19, 20 Results of the compared methods are drawn from respective

papers for extensive comparison. Table 3 gives the classification performance for

each of the 16 classes, OA, AA, and k on the test set. The best results are in

boldface. For illustration, Figure 1(a) shows the ground truth map of the Indian

Pines, Figure 1(b) and Figure 1(c) show the training samples and test samples.

Table 3: Indian Pines

Class SVM5 SVM
KSSP5 KSP

CDL19 SADL19 SMLR SBC SBC

-CK5 -CK5 -SpATV20 -DQ -RB

1 81.25 95.83 91.67 95.83 94.58 88.54 91.25 87.92 95.83

2 86.28 96.67 97.98 99.15 97.53 94.56 96.81 97.60 98.04
3 72.80 90.93 97.73 96.93 97.11 97.35 98.79 95.67 97.08
4 58.10 85.71 96.67 97.14 95.24 87.14 97.90 99.05 98.91
5 92.39 93.74 94.85 98.21 97.36 96.11 95.26 94.56 95.48
6 96.88 97.32 98.96 99.11 99.48 99.18 98.65 96.93 98.51
7 43.48 69.57 17.39 100 91.74 100 60.87 64.35 68.70
8 98.86 98.41 100 99.97 99.95 100 100 99.39 98.75
9 50.00 55.56 0 100 60.56 92.22 12.78 79.44 82.28
10 71.53 93.80 94.37 97.70 96.72 97.19 95.88 97.12 97.69
11 84.38 94.37 98.33 98.20 98.03 98.70 98.98 98.24 98.50
12 85.51 93.66 97.46 98.73 96.54 95.05 99.11 94.87 96.90
13 100 99.47 100 100 98.37 99.00 99.74 92.00 96.26
14 93.30 99.14 99.91 99.48 99.77 99.07 99.51 99.36 99.21
15 64.91 87.43 97.08 97.37 97.51 98.33 98.45 96.26 97.98
16 88.24 100 94.12 95.29 93.41 96.94 86.47 86.94 91.06
OA 84.52 94.86 97.46 98.47 97.84 97.33 97.85 97.11 97.86
AA 79.24 90.73 86.03 98.31 94.67 96.21 89.40 92.48 94.48
k 0.823 0.941 0.971 0.983 0.975 0.970 0.976 0.967 0.976

Several conclusions are drown form Table 3. First, the method with spatial infor-

mation can significantly improve the classification accuracy: In the table, all meth-

ods obtain the accuracy over 90% except the SVM classifier, which dos not exploit

the spatial information. Second, the best OA (98.47%) is obtained by KSPCK,

the proposed method SBC-RB gets the second highest OA (97.86%). Note that

the KSPCK does not only utilize the sparse representation of the test pixel, but

also uses the composite kernel method to exploit spatial information. While our

proposed SBC is more intuitive, only adopting the spatial information in the dis-

tance for measuring the dissimilarity. Third, among all of classes, “Corn-no till”,

“Soybean-notill”, “Soybean-min” and “Soybean-clean” (Class 2, 10, 11, 12) were

mentioned as “troublesome classes” in the literature of HSI classification. These

classes usually have a large misclassified rates because they have some specific sub-

classes (notill, min, clean) that are hardly to be distinct.2 Our method still achieves

promising accuracies.

We now briefly examine how the parameter B affects classification accuracy.
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Fig. 2: Overall Accuracy of the Indian Pines data set as a function of B for different

fixed k

For this purpose, we randomly label 10% of samples in the Indian Pines data set

according to Table 1, and the remaining samples are for test. For the two proposed

methods, we fix k = 3 and k = 5 and take the values of B over {3, 5, 15, 50, 100,
145}.overall The experiment for each of the algorithm is repeated ten times. Figure 2

displays the classification accuracy of the Indian Pines data set as a function of B

for individually fixed k. From Figure 2 we can see that, when B becomes too large,

say B = 145, the accuracy of the proposed method becomes worse, because the

spatial information is not fully utilized in the construction of the weak classifier

when B is too large.

3.3. ROSIS University of Pavia Data Set

For the University of Pavia data set, labeled samples occupy 9% of all the data,

the rest is used for test. Figure 3(a)-(c) shows the ground truth map, training

samples set and test samples set respectively. Experimental results for this image are

reported in Table 4. The best results are in boldface. There are a few observations.

First, the classification accuracies of the compared methods for this data set are

notably lower than the Indian Pines data set. Note that, the compared spatial-

spectral methods attain poor results because the training set is made up of small

patches [see Figure 3(b)]. Thus, most likely, the window surrounding a pixel contains

no training samples. On the contrary, for the proposed method, the affect of the

selection of training samples is not obvious. Second, our proposed method can still
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get OA over 97%, while the OA obtained by other methods are much lower than

97%, because the proposed methods integrate the spatial information of the data

set X in a more stable way than the other compared methods. Third, same as the

Indian Pines data set, the OA obtained by SBC-RB is slightly better than the OA

obtained by SBC-DQ. This is due to the fact that, by the weight selection, SBC-RB

reduces the bias of the sorting of the samples in X more than SBC-DQ.

Table 4: University of Pavia

Class SVM5 SVM
KSSP5 KSP

CDL19 SADL19 SMLR SBC SBC

-CK5 -CK5 -SpATV20 -DQ -RB

1 84.30 79.85 89.56 89.64 86.75 79.17 94.57 99.97 97.83
2 67.01 84.86 79.98 72.68 98.47 93.06 82.56 100 100

3 68.43 81.87 85.45 98.67 77.56 85.41 81.13 71.14 64.12
4 97.80 96.36 98.66 98.94 89.94 95.32 95.01 95.05 98.91
5 99.37 99.37 99.91 100 98.33 99.11 100 99.96 99.99
6 92.45 93.55 95.76 94.77 69.99 92.34 100 99.99 96.43
7 89.91 90.21 97.96 89.81 91.55 83.00 99.17 99.94 99.78
8 92.42 92.81 96.43 89.54 87.97 92.61 98.45 97.80 99.74

9 97.23 95.35 98.49 96.48 99.56 98.29 95.45 66.08 99.82

OA 79.15 87.18 87.65 83.19 90.76 90.60 90.01 97.46 97.51

AA 87.66 90.47 93.58 90.21 88.90 90.92 94.04 92.21 95.18

k 0.737 0.833 0.840 0.785 0.874 0.875 0.872 0.966 0.966

(a) (b) (c)

Fig. 3: For University of Pavia data set: (a) Ground truth map. (b) Training data.

(c) Test data.
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4. Conclusions

In this paper, a 1-D multi-embedding based clustering scheme for hyperspectral

image classification is presented. The proposed method uses the k-spin 1-D multi

embedding based regularization method to construct k weak classifiers at each it-

eration. Then these weak classifiers are assembled into a classifier that is applied to

construct “newborn labeled set” from unlabeled samples. The newborn labeled set

is joined into the labeled one so that the latter is gradually enlarged. The scheme

is terminated till no more newborn labeled set can be built. In the 1-D embedding

process, the scheme adopts the local search technique to combine the spatial and

spectral information, which enables us to improve the classification accuracy.

Experimental results on two real hyperspectral data sets have confirmed that

the proposed M1DEBC scheme can achieve very promising classification accuracy

comparing with other state-of-the-art methods. We believe that it can also be ap-

plied for the classification of other types of data, which is planned in our future

work.
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