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Abstract—The high dimensionality of hyperspectral images
often results in the degradation of clustering performance. Due to
the powerful ability of potential feature extraction and nonlinear
representation, deep clustering algorithms have become a hot
topic in hyperspectral remote sensing. Different tasks often
need different features. However, the current deep clustering
algorithms generally separate feature extraction from clustering,
which results in the extracted features are not constrained
by clustering tasks. Therefore, the features extracted by these
algorithms may not be suitable for clustering. To address this
issue, we adopt intra-class distance as a constraint condition
and proposed an intra-class distance constrained deep clustering
algorithm for hyperspectral images. The proposed algorithm
propagates the clustering error back to the feature mapping
process of the auto-encoder network, so as to realize the
constraint of clustering objective on feature extraction and
make the extracted features more suitable for clustering tasks.
In addition, the proposed algorithm simultaneously completes
network optimization and clustering, which is more efficient.
Experimental results demonstrate the intense competitiveness
of the proposed algorithm in comparison with state-of-the-art
clustering methods for hyperspectral images.

Index Terms—Deep learning, hyperspectral images clustering,
intra-class distance constraint, low-dimensional representation,
remote sensing.

I. INTRODUCTION

ITH the development of remote sensing technology,
W sensors have more and more powerful ability to collect
spectral information. From multispectral images to hyperspec-
tral images, the sensing data is sampling the electromagnetic
spectrum with higher and higher details [1]-[8]. Utilizing these
myriad sensors, the Earth Observation System (EOS) generates
massive practical images of various land covering objects.
Owing to abundant spatial and spectral information, these
numerous images make it possible to extend the applications
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of hyperspectral remote sensing to many potential fields [9]-
[15]. However, it is very arduous to annotate these massive
images effectively. Due to the lack of labeled high-dimensional
samples of hyperspectral images, learning appropriate low-
dimensional (LD) representations of data for clustering plays
a critical role in hyperspectral image annotation and under-
standing.

Clustering is the task of grouping a set of objects in such a
way that objects in the same group are more similar to each
other than to those in other groups [16]. For remote sensing
images, the task is to classify the pixels into homogeneous
regions which segment every image into different partitions
[1], [7], [17]. In most cases, traditional clustering algorithms,
such as K-means [18], ISODATA [19], Fuzzy C-means [4],
[6], can get good performance. However, when the data
distribution is complex, they often fail. Some mathematical
methods are proposed to extract features for complex data,
such as the fast and robust recursive algorithm [20], and
the unsupervised nonlinear diffusion algorithm [21]. Based
on these mathematical methods, novel clustering algorithms
[22], [23] are developed, which have a great improvement
in computing efficiency and clustering effect. For example,
[22] made a valuable contribution to the identification of
outliers. However, these approaches are based on shallow
models [24]-[27], which can only use the shallow features
of data for classification. During the past decades, spectral-
based clustering methods [5], [28]-[32] and density-based
[7] clustering methods have been state-of-the-art. Let X =
[X1, - ,@n] € R™*™ be the matrix containing n independent
samples arranged as its columns, the spectral-based clustering
approaches perform clustering in the following two steps. At
first, an affinity matrix C'is built to depict the relationship of
the data, where C';; denotes the similarity between data points
x; and x;. Secondly, the data is clustered through ?lusteririg
the eigenvectors of the graph Laplacian L = D 2 AD™ 2,
where D is a diagonal matrix with D;; = Z;.Lzl C;; and
A = D — C. By solving the eigenvalues and eigenvectors
of L, the original data can be transformed into an embedded
low dimensional feature space. However, how to choose the
number of embedded dimensions is still an unsolved problem.
Considering that spectral clustering algorithm depends on its
similarity matrix, different similarity matrices will lead to
different clustering results [30], [33]-[37]. The main idea of
density-based clustering [38] approaches are to find high-
density regions that are separated by low-density regions.
The density peaks clustering algorithm (DPCA) proposed by
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Alex Rodriguez [39] has brought the density-based clustering
approaches to a new stage. The core idea of DPCA is that the
centre of the cluster is surrounded by some points with low
local density, and these points are far away from other points
with high local density. The DPCA separates the clustering
process of non-clustered centre points into a single process.
Due to the selection of the cluster centre and the classification
of the non-cluster points are separated, the clustering precision
is increased.

To solve the clustering problem of more complex distributed
data, the sparse subspace clustering (SSC) algorithm [13], [40]
is developed. The core idea of SSC is that among the infinite
number of representations of a data point in terms of other
points, a sparse representation corresponds to selecting a few
points from the same subspace. In fact, the SSC algorithm is
a solution of sparse optimization in the framework of spectral
clustering, and it evaluates the labels for every sample in the
low-dimensional space. Sharing the homogeneous idea with
SSC, many sparse representation and low-rank approximation
based methods for subspace clustering [24], [41]-[44] have
received a lot of attention in recent years. The key components
of these methods are finding a sparse and low-rank represen-
tation of the data and then building a similarity graph on the
sparse coefficient matrix for the separation of the data.

Although spectral-based clustering algorithms and density-
based clustering algorithms can effectively cluster arbitrarily
distributed data, only shallow features of the data can be
used [25]. Moreover, it is difficult to further improve the
clustering effect and precision. On the other hand, deep neural
networks are multilayer feedforward networks, in which each
layer is a nonlinear function [45]. According to [45]-[47], deep
neural networks are capable of approximating any measurable
function to any desired degree of accuracy. Therefore, in
recent years, the subspace clustering algorithm based on deep
learning has attracted more attention.

The core idea of deep neural network clustering [48]-[52]
is to non-linearly map data from the original feature space to
a new feature space and then complete clustering in the new
feature space. Because its mapping is non-linear and multiple,
the deep neural network clustering has powerful capabilities on
potential deep-seated feature extraction and data representation
[53]-[55]. The clustering algorithm based on auto-encoder
networks [50], [56]-[58] is a popular framework for deep
clustering algorithms, which utilizes a symmetric network
structure to encode and represent the data. Such an algorithm
consists of two important steps. Firstly, it obtains the code
space of the data by reducing the data dimension and clusters
the data in the obtained code space. Secondly, it performs the
representation transformation from the obtained code space
to a new generative feature space. Depending upon the auto-
encoder network, the idea of generative adversarial [59]-[62]
is introduced into clustering field, which further improves the
performance of deep clustering algorithms.

Generally speaking, current deep clustering algorithms have
the form [41], [57], [63], [64] as

v p = jpl + A ’

25 - 2| +gs 0
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where 7, is the loss function, [, represents the reconstruc-
tion error, 7,2 is a sparse or low-rank constraint determined
by the pre-trained matrix C, and [Jp3 is the regularization
term. The A in J,2 represents the constraint coefficient, and
z(%) denotes the obtained codes or extracted features by the
auto-encoder. As described in [65], if the constraint matrix
C =[ecy,¢a, -+, ¢y is sparse, it can be obtained by solving
the following problem:

min 3 z; — X¢il3+ )\|C
1L Z;H 15+ All Hl, @

s.t. c;; =0

where ||| denotes the ¢1-norm that is usually used to measure
sparsity, ¢;; is the ¢-th entry of the column vector c¢;. If the
constraint matrix C' is low-rank, it can be obtained by solving
a nuclear norm minimization problem [66]:

min|C|r + M| X — XC|3 3)

The data representation shown in (1) achieves both data
reconstruction and dimensionality reduction. Therefore, the
features extracted by such algorithms are appropriate for
data dimensionality reduction. Separating feature extraction
from clustering, these algorithms use final sparse or low-rank
features to cluster. However, different tasks need different
features, without clustering-oriented constraint, features ex-
tracted by these algorithms may not be suitable for clustering
tasks. To solve this problem, we propose an embedded deep
clustering algorithm with intra-class distance constraint, which
aims to develop a better feature extraction approach for deep
clustering algorithm and demonstrate the feasibility of using
task-oriented constraints to optimize the feature extraction pro-
cess, so as to improve the clustering effect of deep clustering
algorithms. The proposed algorithm embeds the intra-class
distance into the auto-encoder network so that it can constrain
the procedure of data mapping and obtain data representation
which is more conducive to clustering.

The main contribution of this paper is that we proposed an
approach to dynamically adjust the feature extraction of deep
clustering networks by using clustering error as a penalty. The
proposed approach makes features extracted by deep clustering
networks more suitable for clustering. Moreover, the proposed
method is a joint learning method, which can complete clus-
tering and feature extraction and improve efficiency.

II. RELATED WORKS

In this section, we briefly discuss some existing works in
unsupervised deep learning and subspace clustering.

A. Auto-encoder Network

Hinton first proposed the concept of the auto-encoder net-
work and gave its basic mathematical model [67]. Then he
proved that the auto-encoder network has a strong ability of
dimension reduction and feature extraction by [68]. Baldi [69]
proposed a general mathematical framework for auto-encoder
networks. Sperduti [70] proved that the problem of training
an auto-encoder network has a closed-form solution. These
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existing research results provide theoretical support for the
auto-encoder network.

With impressive learning and characterization capabilities,
auto-encoder neural networks have achieved great success in
various areas, especially in the scenario of unsupervised learn-
ing [2], [58], [71]-[73], such as natural language processing
[74], image processing [75], object detection [76], biometric
recognition [77], and data analysis [78]. As state-of-the-art
unsupervised techniques, auto-encoder and auto-encoder based
neural networks also make outstanding contributions in the
field of remote sensing. In this subsection, we briefly introduce
the auto-encoder network.

In general, an auto-encoder [56] is a kind of network that
consists of encoder and decoder, and the structure of the
encoder and decoder is symmetrical. If an auto-encoder has
multiple hidden layers, then the number of the hidden layer
of the encoder is equal to that of the decoder. The structural
model of the basic auto-encoder is shown in Fig. 1. The
purpose of the basic auto-encoder is to reconstruct the input
data at the output layer, and the perfect case is that the output
signal X ¢ (i.e., ZM)y is exactly same as the input signal
X.n (e, Z(O)). According to the structure shown in Fig. 1,
the encoding process and the decoding process of the basic
auto-encoder can be described as

20D = F, (Wiz(i) + bZ-)

and 4 4
20+ — F, (sz(J) + bj)

respectively, where W, b; denote the i-th encoding weight
and the -th encoding bias respectively, W ;, b; represent the
j-th decoding weight and the j-th decoding bias respectively,
z() denotes the data vector in i-th layer, and F, is the
non-linear transformation. Sigmoid, Tanh, Relu are commonly
used activation functions for F.. F, is the reverse non-linear
transformation to the encoding process. Therefore, the loss
function of the basic auto-encoder is to minimize the error
between X ;,, and X ,,;. The encoder converts the input signal
into codes through some non-linear mapping, and the decoder
tries to remap the codes to the input signal. The parameters
of the auto-encoder, i.e., weights and biases, are learned by
minimizing the total reconstruction error, which could be
computed by the mean square error

T (W, b) = Zc (ng>, z§M>)
=1

) 4)
“So -
’ 2
i=1
or the cross entropy
Ty = 3£ (20,20
= 5)

n
- _ (0) (M) _ (0 _ DY)
= ; (zl logz;"’ + (1 z; ) log (1 z; ))

For the structure shown in Fig. 1, the hidden layers of the
basic auto-encoder network have three different structures: a

compressed structure, a sparse structure, and an equivalent-
dimensional structure. When the number of the neuron in the
input layer is greater than that in the hidden layer, it is called
the compressed structure [65]. Conversely, when the number
of the neurons of the input layer is smaller than that of the
hidden layer, it is called the sparse structure. If the two are
equal, it is named the equivalent-dimensional structure.

Fig. 1. The structure of the basic auto-encoder network.

B. Deep Subspace Clustering

Subspace clustering algorithms transform data from high
dimensional feature space to low dimensional feature space.
Elhamifar proposed a manifold clustering algorithm based on
sparse representation [79]. The algorithm can automatically
find the neighbors and their weights. However, the algorithm
still needs to improve the theoretical guarantee of manifold
control. Benefiting from the powerful capabilities of non-linear
modelling and data representation of deep neural networks,
some clustering approaches based on deep neural networks
have been proposed in recent years. Song et al. [56] in-
tegrated an auto-encoder network with K-means to cluster
the latent features extracted from original data. However, the
feature mapping and clustering are two relatively independent
processes in their work, and the K-means algorithm is not
jointed into the feature mapping process. Therefore, the feature
mapping process may not be constrained by the K-means
algorithm. With the emergence of generative adversarial net-
works, some deep clustering algorithms [49], [62] embedded
discriminant and adversarial ideas have been proposed, which
further enhance the ability of deep feature extraction and data
representation. On the other hand, some deep subspace clus-
tering algorithms with prior constraints have been developed.
According to different constraining conditions, these prior
constraints may be sparse [65], low-rank [66], and least-square
[51]. Based on the auto-encoder network, the loss functions of
these algorithms share the same modality, shown in (6). These
algorithms learn representation for the input data with minimal
reconstruction error and incorporate prior information into the
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potential feature learning to preserve the key reconstruction
relation over the data. Although the features extracted by
such algorithms are appropriate for dimensionality reduction
and reconstruction of the data, they may not be appropriate
for clustering without constraints of the relationships between
classes.

Iy (W b) = |2 — 200
N———

B

2¥ef,

Tp2
M

+ 22 3 (Wl + 16:)3).

=1
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where J,1 denotes the reconstruction error, J,2 denotes the
prior constraint, [J,3 denotes the regularization term and C'is a
pre-trained matrix. Aforementioned deep clustering algorithms
have following three weaknesses:

1) Lacking prior constraints related to clustering task.

2) The matrix C needs to be pre-trained, which may not

be optimal for various data to be clustered.

3) Once given, the matrix C' is fixed, which cannot be

optimized jointly with the network.

Different from these existing works, we propose an ap-
proach that embeds intra-class distance into an auto-encoder
network. The indicator matrix and the parameters of the
network are adaptively optimized simultaneously. The pro-
posed approach utilizes intra-class distance to constrain the
feature mapping process of the auto-encoder so that the deep
features extracted from the source space are more conducive
for clustering. More details of the proposed approach are
described in the following sections.

III. THE PROPOSED DEEP CLUSTERING APPROACH

In this section, we elaborate on the details of the pro-
posed Deep Clustering with Intra-class Distance Constraint
(DCIDC) algorithm. The framework of DCIDC is an auto-
encoder network, and the specific structure may vary accord-
ing to different scenarios. With the constraint of intra-class
distance, DCIDC extracts potential features of the data by
mapping them from the source space to a latent feature space.
In the new latent feature space, objects in the same group
are more similar to each other than to those in other groups.
We first explain how DCIDC is specifically designed and then
present the algorithm for optimizing the DCIDC model.

A. Deep Clustering with Intra-class Distance Constraint

The neural network within DCIDC consists of M +1 layers
performing M non-linear transformations, where M is an even
number. The first % hidden layers are encoders to learn a
set of compact representations (i.e., low-dimensional represen-
tations) and the last % layers are decoders to progressively
reconstruct the input. The framework of DCIDC is shown as

Fig. 2. Let Z¥ = X,, € RV*P be one input matrix to the
first layer, which denotes a hyperspectral image consisting of
N image pixels (samples) and z(*) be one row of the matrix,
which denotes a sample in D-dimensional feature space. For
the encoder, the output of the ¢-th layer is computed by

20 = F, (Wiz) 4+ b;) e R%, 7)
where ¢ = 1,2,--- ,7 indexes the layers of the encoder,
W, denotes the weight matrix from the (i — 1)-th layer to
the i-th layer and b; denotes the bias of the i-th layer. R%

indicates that z(*) belongs to a d;-dimensional feature space.
The F. (-) is a non-linear activation function. The % -th layer

(%) e Rd% is shared by the encoder and the decoder. For
the purpose of reducing the dimensionality of the input data,
the dimensions of the layers in the encoder are designed to be
D>d;,_1>d; > dM For the decoder, the output of the j-th
layer can be computed by

20 = F, (sz(jfl) + bj) cRY, (8)

where j = & 11, % + 2,---, M indexes the layers of
the decoder. The non-linear activation function F () can be
the same as F, (-) or another different non-linear function.
For the purpose of data reconstruction, the dimensions of the
layers in the decoder are designed to be dM < dj; <
d; < dy = D. Thus, given a sample z(o) (i.e., x;,) as
one input of the first layer of DCIDC, z(M) G.e., :cout) is
the reconstruction of z(®), and the corresponding z is
the representation of «;,. Furthermore, for a data matrix

T
z© = 2920 .. 201 ¢ RVXP which denotes
a collection of N given samples, the output matrix of the

T
decoder ZM) [ng)vng)v... ,z%‘/f) c RNXD s

the corresponding reconstruction of Z © and the Z (%) =

T
M M M
[zg ’ ),Zg ’ >7 ,Z1(v2 )} e RV s the desired low-

dimensional representation of Z .

The objective of DCIDC is to minimize the data reconstruc-
tion error and jointly constrain the non-linear transformation
from X;,, to the corresponding representation Z (%) by intra-
class distance. Thus, these targets can be formally stated as

2
min J (W;,b;) = HZ <M>H
J1
2
W Hz(% _ HSTH
= ©)
T2
M
20 > (1WAl + 11ball3).
=1
NE

where A1 and Ao are positive trade-off coefficients. The terms
J1, J2, and J3 are respectively designed for different goals.
By minimizing the first term, we get the point-to-point recon-
struction of the input matrix, so that every column of the output
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Fig. 2. The network framework of the proposed algorithm. A hyperspectral
image is an input matrix. During each iteration, as parts of the cost function,
intra-class distance and reconstruction error jointly constrain the procedure of

feature mapping form Z©) o Z(%)

matrix is as close as possible to the corresponding column
in the input matrix. Thus, the first term J; is designed to
preserve the pixel-level locality by minimizing reconstruction
errors. In other words, the input acts as a supervisor for the
procedure of learning a low-dimensional representation Z (%),
For the purpose that objects in the same cluster have similar
features, the term 75 is designed to constrain the non-linear
transformation from Z(©) to its corresponding representation
VA (%), by minimizing the clustering error in each iteration.
The matrix S € Rd% B in (11) denotes the clustering centres
of which each column represents one cluster centre. The
matrix H € RV*X in (12) is the indicator matrix of which
each row denotes the binary label. To get the matrix H, let
Z = Z1UZyU---UZ be the samples that are classified into
K clusters and S = [s1, 82, -+ ,8k] be the corresponding
cluster centres. The intra-class error is calculated by

> lzi=sil+ > Iz — szl

gintrafclass =

z;€Z1 z;€Z2
4+t 2. —sT
5 ekl o
K
5 sl |ons
i:lszZi

thus we get the matrix H, for each row of which, there is only
one element is 1 and the rest are Os. For initializing the matrix
H, its values are randomly generated. Once initialized, H 1is
not fixed and it is updated during each iteration. The K in (11)
denotes the number of clusters. At last, J3 is a regularization
term to avoid over-fitting.

S11 S1K

Sd 1 Sdy K
2 2

(1)

and
010 0
1 0 0 0
H=|: @~ (12)
100 --- 0
000 -+ 1

Our neural network model uses the input as self-supervisor
to learn low-dimensional representations and jointly constrain
the non-linear transformation by minimizing the clustering
error, which is expected to enhance the deep intrinsic features
extracted from the source data. The learned representations
are fully adaptive andfavourable for the clustering process.
Furthermore, our model completes clustering in one step
without additional pre-training process, which improves the
efficiency.

B. Optimization Procedure

In this subsection, we mainly demonstrate how the proposed
DCIDC model can be optimized efficiently via gradient de-
scent and the process of solving H. As the optimization of
parameters W and b does not share the same mechanism with
H and S, we present the gradient descent and the calculation
of H and S respectively. For the convenience of developing
the algorithm, we rewrite (9) in the following sample-wise
form:

@ _an|?
j:ZHZi T E Hz
=1

N (A 2
+A) zf) — h;ST (13)
i=1 2
M
2 2
+ A2 Z (”WmHF + HbmHQ) :
m=1

According to(7), (8) and the chain rule, the gradients w.r.t.
W, and b, give

oJ m-1\T
W, (Ap + MiAL) (ZE 1)) +XW,, (14
5]
T A+ MAw + Aab, (15)
8b77l
where A,,, is defined as
a ET-AT)OG () meu (16)
" (Wm_H)T A1 OG (y5m> otherwise
and A,, is given as
W) A QG (u™)  m=1- 41
Ay = <z5%) — hiST> @g’ <yl(%)> m= % , (A7)

0 m=Y+1,... M

where the (©) denotes element-wise multiplication, ygm) =

szl(-mfl) +bym, and G (-) is the derivative of the activation
function G (-) defined as

G() = {J—"e(') :=

18
Fa () (1%
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Using the gradient descent algorithm, we update
{W 0, b, Y M_ | as (19) and (20) until convergence:
NS
W W, — , 19
, ow . 19)
N
by, < b, — , 20
= T (20)

where p > 0 is the learning rate which is typically set to a
small value according to specific scenarios.

As the output of DCIDC model, the indicator matrix H is
calculated via the least distance rule in each clustering step. In
other words, H is updated by solving the term (21) in every

iteration:
4

2
mmHZ ¥) HSTH Q1)
F

Thus, with the accomplishment of the optimization of DCIDC

model, the final H will be simultaneously obtained. Now, we

demonstrate the solution of (21).
M

For the task of clustering, the matrix Z (%) can be redefined

as
M
2(%) =z 3 (22)
(%) . (4) )
where Z; is a component of Z\2/, which denotes one

M M
cluster of the data, Ufil ZZ( 7) z(%) and ZZ( ?) N

M
Z](-Q) = 0 wrt. i # j € {1,2,---,K}. Then, for the
convenience of solving (21), it can be transformed into

mlngs = Z Z ‘

o z(%)Hz,
) )

3

(23)

where s; is a column vector of S, which denotes the centre
M
of Z Z( 2

. Let
9€s 0 |
k2 VNI St}
= z(%)eZ(T)
‘ 24)
S 0 47— ()|
=X X gslsr =), =0
1=1z(%)EZi(%4)
we get
sZT:ni Sy =), (25)
L)1)
(4)

where n; is the number of pixel of the cluster Z;
Similarly, for the purpose of calculating H, the (21) can be
rewritten as

2

, (20)
2

mm g =

(z(%))T — ShT

. o . M Lo
where h is the indicator corresponding to 2(% ), which is

serialized as a row vector of H. Let

a% (z(%)f — Sh” 2
>
_ % ShT (z(%))T 2 o
— a%[ShT = (z(%)T]T[ShT - (z(%)>T]
— 28TShT — 287 ( (%)>T —0,
we get
T (STS) ST( (%))T (28)
Thus, we get
H =T (h1),T (ha),---,T (hn)]", (29)
where
TO=TIE = 0

So far, the detailed procedure for optimizing the proposed
model DCIDC can be summarized as Algorithm 1.

Algorithm 1 Algorithm of Deep Clustering with Intra-class
Distance Constraint
Input: The data matrix X;, (i.e., Z (0)) and the number of
cluster K.
Output: The indicator matrix H.
1: Initialize a matrix H according to (12) and the given K.

2: for i =1 to M do

3:  Initialize W, b; by random generation.
4: end for

5: while not convergence do

6: forizlto%do

7: 21 Fe (Wiz(i_l) + bz)

8:  end for

9: forj_—+1t0Mdo

10: 20 Fy (W;20-1 + b)),

11:  end for

12:  Calculate 77 in (9).

13:  Calculate s; by (25) and S « [s1, 82, -+, Sk]-

14:  Calculate > in (9).

15:  Calculate J3 in (9).
16:  Update H by (29).

17:  fori=1to M do

18: Update W by (19).
19: Update b; by (20).
20:  end for

21: end while

22: return H.

IV. EXPERIMENTAL RESULTS

In this section, we compare the proposed DCIDC approach
with popular clustering methods on four image datasets in
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terms of clustering purity [12] and normalized mutual infor-
mation(NMI) [12], [16], [49], [56], [63], [80]. For clustering
algorithms, the number of clusters is an important factor
affecting the clustering results. Therefore, we set a series
of cluster numbers for each dataset. Given the same cluster
numbers, the experiment results illustrate the superiority of
the DCIDC algorithm, compared with the popular clustering
methods. The network structure affects the performance of
the DCIDC algorithm, which is discussed by setting different
network layers and the number of nodes in the middle layer.
We also discuss the influence on DCIDC with different ac-
tivation functions and different coefficient values of A\; and
Ao. Comparing with popular clustering methods in terms of
time consumption, we also demonstrate the higher efficiency
of the proposed algorithm. The main computing resources
used in the experiments include an Intel Core i7-6700 CPU,
a 16G RAM(Random-Access Memory), an NVIDIA GeForce
GTX1080Ti graphics card. The software platforms used are
Python 3.6 and TensorFlow.

A. Experimental Settings

1) Datasets: We carry out our experiments using four
hyperspectral image datasets: Indian Pines, Pavia, Salinas,
and Salinas-A. The Indian Pines dataset was gathered by
the 224-band AVIRIS sensor over the Indian Pines test site
in North-western Indiana. It consists of 145 x 145 pixels
and 224 spectral reflectance bands in the wavelength range
of 0.4 ~ 2.5 x 1075 meters. The number of bands of the
Indian Pines dataset used in our experiment is reduced to 200
by removing bands covering the region of water absorption.
The ROSIS sensor acquired the Pavia dataset during a flight
campaign over Pavia, northern Italy. The used Pavia dataset in
our experiment is a 1096 x 1096 pixels image with 100 spectral
bands. The AVIRIS sensor collected the Salinas dataset over
Salinas Valley, California, characterized by the high spatial
resolution. The area covered comprises 512 lines by 217
samples. As with Indian Pines scene, 24 water absorption
bands are discarded. A small sub-scene of Salinas image,
denoted as Salinas-A, is adopted too.

2) Evaluation Criteria: We adopt two metrics to eval-
uate the clustering quality: purity and NMI. Higher val-
ues of these metrics indicate better performance. Let 2 =
{wi,wsq, - ,wk} be the set of clustering results and G =
{91.92.--- ,g%} be the set of ground truth. The purity and
NMI are defined as:

purity (Q, G) Z max |wiﬁgj\, (31)
= 1]6{1
and
(2 G)
NMI (2, G) = , (32)
[H(2) +H(G)] /2
where | - | denotes the number of elements in the set, I(-)

represents the mutual information and H(-) is the entropy.

They are defined as follows:

K K
P(wiﬁg-)
ZZP w1ﬂgj 0g ———— I
i—1 i— P(wi)P(g')
o 76
:iinmgj Nlw;Ng;,l
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and
K
H(Q) = - P(wi)logP (w;)
o : (34)
|“-’Z‘

_ Z |w2|

where P (-) is the probability that a given sample belongs to
the set.

3) Baseline Algorithms: For the sake of fairness, we com-
pare DCIDC with clustering algorithms that carried out ex-
periments with the same four datasets: Indian Pines, Pavia,
Salinas, and Salinas-A. These algorithms are the discriminative
embedding based on set-to-set and sample-to-sample distances
(LDE) [81], the deep subspace clustering with sparsity prior
(PARTY) [65], the auto-encoder based subspace clustering
(AESSC) [66], the fast spectral clustering (FSC) [82], the
sparse subspace clustering (SSC) [31], the latent subspace
sparse subspace clustering (LS3C) [42], the low-rank repre-
sentation based clustering (LRR) [43], the low-rank based
subspace clustering (LRSC) [83], the smooth representation
clustering (SMR) [84], the spectral clustering (SC) [30], the
gaussian mixture model clustering (GMM) [12] and the K-
means clustering (KC). Among these methods, FSC, LDE,
PARTY and AESSC are deep clustering methods.

For each dataset, we set 5 groups of orthogonal hyper-
parameter: a group of cluster number K, a group of A;s, a
group of \gs, a group of node numbers of the middle layer and
a group of layer numbers of the network. The K's are designed
to evaluate the performance of the DCIDC algorithm under
the condition of different cluster numbers. On the other hand,
they are used to compare the performance of the proposed
approach and the other methods under the condition of the
same cluster number. The \; and the Ay are aimed to evaluate
the influence of the trade-off coefficients on the performance
of DCIDC, and the other two groups of hyper-parameters are
for demonstrating the influence of network structure on the
proposed algorithm. For the reference algorithms, we repeat
each of them 100 times in terms of each K on each dataset.
Finally, we take the averages of the purity and NMI values as
the experimental results of theses algorithms on these datasets.
For the proposed DCIDC algorithm, we repeat the experiment
100 times in terms of each hyper-parameter on each dataset,
then, we obtain the optimal network structure based on the
best combination of the 5 kinds of hyper-parameter. We take
the average purity and NMI of the 100 experiments using the
optimal network structure as the final results of DCIDC.
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B. Comparison with the Evaluated Methods

In this subsection, we show the clustering results of the pro-
posed algorithm and the baseline algorithms on four datasets,
respectively. The clustering purity and NMI are displayed in
separate tables, and the data in the tables quantitatively show
the scores of different clustering algorithms. Each row in the
tables describes the scores of the same clustering algorithm
with different cluster numbers, and each column shows the
scores of different algorithms with the same cluster number.
The boldface number represents the highest score of the
column, which represents the best algorithm with the given
cluster number. The following graphs qualitatively describe
the changing trend of these approaches with different cluster
numbers. For expressing the clustering effect intuitively, we
also show the clustering result images below.

1) Indian Pines: Tab. I and the Tab. II show the clustering
purity and NMI on the dataset Indian Pines respectively. As
can be seen from Tab. I, when K = 3 and 4, the algorithm
LDE gets the highest scores. When K takes the other values,
the algorithm DCIDC reaches the best scores. When K = 14,
the DCIDC performs best with a 87.2% score, which is 2.43%
higher than the algorithm LDE that ranks second. In general,
the proposed algorithm DCIDC performs better than the other
algorithms, which is also verified by the NMI in Tab. II.

Fig. 3(a) and Fig. 3(b) show that most of the algorithms
access their best results around K = 14, so does the DCIDC.
Fig. 3(a) and Fig. 3(b) also show that the larger the deviation
between the cluster number K and 14, the worse the perfor-
mance of the algorithms.

Indian Pines Indian Pines

s

Purity(%)
i A

(®)

Fig. 3. The changing trend of different algorithms’ clustering performance
with cluster numbers on the dataset Indian Pines. (a) shows the changing trend
of the clustering purity and (b) is the changing trend of NMI.

Fig. 4 intuitively shows the clustering results of the algo-
rithms on the Indian Pines dataset.

2) Pavia: Tab. III and Tab. IV show that the proposed
DCIDC algorithm gets the best clustering results on the dataset
Pavia in most cases. Its best Purity and NMI are 89.81% and
92.45% respectively. In Tab. III, when K = 20, the shallow
model algorithm LRR gets the second place, whose score is
12.2%, 8.12%, and 4.9% higher than the deep-learning-based
algorithms PARTY, LDE, and FSC respectively. This maybe
because that their matrix C' cannot be dynamically adjusted,
thus, they are not applicable when the distribution of the data
to be clustered is different from that used for training the
matrix C.

It can be seen from Fig. 5(a) and Fig. 5(b) that both the
clustering purity and NMI of the DCIDC reach the maximum

Fig. 4. The performance comparison of different algorithms on the dataset
Indian Pines. (a) is the false color image of Indian Pines, (b) is the ground
truth image, (c) DCIDC, (d) PARTY, (e) AESSC, (f) SSC, (g) LS3C, (h) LRR,
(i) LRSC, (j) SMR, (k) SC, () GMM, (m) KC, (n) LDE, (o) FSC.

value when K = 10, and its curve is relatively smooth, which
shows that the proposed algorithm has good robustness.

Pavia

e

Purity(%)
:

NMI(%)

Fig. 5. The changing trend of different algorithms’ clustering performance
with cluster numbers on the dataset Pavia. (a) shows the changing trend of
the clustering purity and (b) describes the changing trend of NMI.

Fig. 6 displays the clustering results of the algorithms on
the Pavia dataset.

©)

Fig. 6. The performance comparison of different algorithms on the dataset
Pavia. (a) is the false color image of Pavia, (b) is the ground truth image, (c)
DCIDC, (d) PARTY, (e) AESSC, (f) SSC, (g) LS3C, (h) LRR, (i) LRSC, (j)
SMR, (k) SC, (I) GMM, (m) KC, (n) LDE, (o) FSC.
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TABLE I
CLUSTERING PURITY OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET INDIAN PINES

| Purity(%)

Methods | g_3 k=4 K=5 K=6 K=7 K=8 K=9 K=10 K=l K=12 K=I13 K=l4 K=I5 K=16 K=17 K=I18 K=19 K=20

DCIDC 54.38 56.14  60.49 62.59 65.52 73.15 79.83 81.73 83.56 85.94 86.57 87.24 86.55 84.58 80.30 75.78 70.87 69.12
PARTY 48.97 53.71 53.65 57.46 62.52 68.15 74.04 79.22 82.80 84.17 82.82 79.99 74.07 70.18 62.47 60.24 53.61 53.78
AESSC 49.12 49.49 54.18 5177 54.52 58.89 64.62 73.96 78.24 83.26 85.13 83.66 78.27 73.91 64.66 62.51 58.45 51.80
SSC 48.38 48.38 42.39 48.34 48.64 49.33 45.26 49.43 57.02 67.04 76.25 80.15 77.35 67.01 61.98 55.23 4522 49.30
LS3C 31.43 33.57 35.69 37.88 40.07 41.50 43.52 44.52 4543 45.62 45.44 44.59 43.48 41.89 39.53 37.93 34.95 32.64
LRR 45.83 52.46 47.82 55.76 53.48 63.05 67.55 71.58 73.99 75.52 73.92 71.65 63.95 58.21 58.94 49.98 47.76 46.54
LRSC 49.33 48.34 49.46 48.49 49.02 51.19 53.64 57.13 62.93 68.41 70.35 68.35 63.52 58.02 53.69 51.14 49.97 48.56
SMR 49.28 52.90 53.01 57.56 60.71 64.20 68.03 70.97 74.74 77.80 79.81 80.43 79.75 71.76 74.70 71.88 66.81 62.69

SC 51.14 51.27 51.47 52.15 49.48 51.90 55.51 60.35 68.57 72.04 76.64 7191 76.68 73.31 68.62 60.40 55.45 55.72
GMM 47.99 52.22 48.54 49.15 50.54 52.96 56.82 61.88 67.97 74.04 78.44 80.11 78.84 74.00 70.39 65.12 60.44 56.92
KC 45.18 43.09 45.21 45.24 43.75 4481 47.45 5345 57.69 62.89 65.14 63.31 57.63 53.49 49.32 46.84 45.69 43.27

LDE 54.39 56.65 59.59 61.53 63.28 70.46 75.03 79.31 82.86 85.19 85.89 85.17 82.81 79.36 76.04 70.41 67.34 63.21
FSC 47.02 48.86 51.46 54.90 59.28 64.12 69.37 74.43 79.50 81.72 82.53 81.54 78.73 75.94 69.42 64.16 59.22 54.93

TABLE II
CLUSTERING NMI OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET INDIAN PINES

| NMI(%)

Methods | g3 g=4 =5 K=6 K=7 K=8 K=9 K=10 K=l K=I2 K=I3 K=l4 K=I5 K=I6 K=17 K=I§ K=19 K=20

DCIDC 65.92 68.50 71.37 76.03 77.55 80.87 83.85 86.74 89.46 90.98 92.05 92.38 92.03 91.02 89.05 87.29 83.88 80.84
PARTY 53.86 57.13 55.06 59.54 59.47 66.46 72.00 76.53 84.28 88.37 90.16 88.64 84.31 78.35 69.66 66.51 62.35 56.63
AESSC 53.12 49.52 54.30 56.00 58.93 59.81 69.28 76.05 82.25 86.78 88.43 86.41 80.97 76.01 66.13 63.44 55.08 52.06
SSC 48.38 48.38 48.39 42.35 42.71 49.60 52.03 5143 66.05 73.69 86.30 90.06 86.32 73.65 66.01 51.48 51.99 43.57
LS3C 4343 43.93 45.40 46.96 48.57 50.18 51.09 51.87 52.52 52.62 52.53 51.94 51.26 50.22 49.01 47.01 45.44 43.90
LRR 45.83 52.79 54.76 52.03 57.32 64.42 76.39 81.02 87.30 89.52 87.80 81.09 76.35 64.36 57.27 52.09 54.70 46.87

LRSC 48.33 49.34 48.48 48.55 50.24 51.87 55.32 61.36 68.52 75.77 78.69 75.72 69.11 61.41 54.41 51.82 50.20 49.62
SMR 51.28 53.38 56.06 57.63 63.63 68.25 73.30 78.41 82.34 86.29 88.88 89.71 88.90 86.26 82.30 7741 73.36 68.28
sSC 47.14 52.73 50.90  53.76 57.28 61.45 68.43 72.17 75.63 78.46 80.00 80.82 8020  77.82 74.46 70.32 65.82 64.46
GMM 50.99 51.22 51.54 52.15 51.53 55.88 57.74 64.27 69.75 74.37 78.53 80.11 78.74 74.99 69.79 62.73 57.68 55.95
KC 41.93 41.84 43.97 42.01 42.60 4384  46.90 53.60 58.75 65.14 67.35 65.20 58.70 51.98 46.85 45.88 44.54 44.04

LDE 61.28 61.54 64.46 69.86 73.66 77.92 80.98 85.69 88.77 90.62 91.36 90.60 88.41 85.12 81.03 76.58 72.16 68.04
FSC 47.02 53.31 56.50 60.66 65.82 68.56 75.14 81.46 87.56 90.48 91.53 90.30 87.53 82.96 75.19 71.48 62.40 60.69

TABLE III
CLUSTERING PURITY OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET PAVIA

| Purity(%)

Methods K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10 K=11 K=12 K=13 K=14 K=15 K=16 K=17 K=18 K=19 K=20

DCIDC 61.90 66.83  76.15 78.45  82.30 86.35 88.94 89.81 88.98 87.87 84.35 81.41 77.11 72.80 66.57 5941 5598 53.38
PARTY 57.84 61.59 66.50 69.84 75.96 81.20 84.88 86.20 85.09 81.24 77.28 71.86 64.00 58.89 54.93 51.97 50.14 48.97
AESSC 51.04 52.98 59.56 60.04 67.34 69.91 73.87 74.90 73.89 71.19 67.38 63.27 59.60 56.84 54.93 53.92 53.28 53.02
SSC 44.93 50.02 51.70 62.16 71.97 79.88 83.80 79.82 71.93 62.21 54.53 49.98 44.87 44.14 46.86 43.80 43.87 43.88
LS3C 38.94 41.34 4351 45.56 46.98 48.40 49.45 49.67 49.38 48.43 46.94 44.98 43.57 40.08 37.41 36.42 32.20 29.93
LRR 57.39 60.81 67.16 70.90 76.95 80.40 81.65 80.34 76.92 70.95 65.51 62.70 5745 57.19 53.92 55.34 5296  54.93
LRSC 36.39 40.99 42.72 42.32 48.82 59.52 65.76 68.27 65.06 59.48 48.78 46.21 38.69 37.06 36.47 40.31 40.27 40.27
SMR 59.65 63.60 67.70 7177 74.84 78.03 80.17 80.96 80.29 78.07 74.80 71.72 66.36 63.57 57.98 56.36 51.61 51.28

SC 45.44 50.08 54.03 57.83 64.41 71.54 75.78 77.29 75.74 70.85 65.64 57.88 52.25 48.06 45.36 43.88 45.01 42.64
GMM 51.44 52.02 57.66 62.48 68.11 73.45 77.20 78.75 77.16 73.49 68.15 62.53 57.60 53.90 49.54 48.13 47.33 47.09
KC 43.64 46.84 44.80 46.62 50.08 56.18 59.34 60.50 58.78 56.22 52.54 46.67 47.73 43.88 46.61 46.46 43.43 46.42

LDE 66.93 70.62 75.53  80.71 81.25 85.16 88.41 89.03 88.45 86.83 84.18 80.67 76.48 71.87 65.56  60.36 55.50 50.80
FSC 61.39 64.88 67.11 69.45 71.57 72.80  73.62 73.90 73.66 72.84 71.39 69.73 67.17 64.43 61.41 58.91 55.65 52.32

TABLE IV
CLUSTERING NMI OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET PAVIA

| NMI(%)

Methods | g3 g4 K=5 K=6 K=7 K=8 K=9 K=10 K=I1 K=I12 K=13 K=14 K=I5 K=16 K=17 K=18 K=19 K=20

DCIDC 74.45 71.70 81.17 84.14  87.36 90.27 91.80 92.45 91.83 90.23 87.41 84.58 82.16 77.67 73.50  70.58 69.17 66.42
PARTY 57.22 61.92 66.30 71.92 78.56 84.05 89.23 90.89 89.06 84.09 78.52 71.97 66.25 60.00 59.18 57.49 54.74 56.36
AESSC 54.79 54.01 60.08 61.97 69.23 72.90 77.10 78.35 76.84 72.86 69.27 64.41 60.12 53.98 54.71 53.54 49.82 49.52
SSC 59.67 65.61 70.34 78.93 84.82 88.76 90.15 88.51 84.09 77.63 72.26 63.12 56.88 54.89 51.37 46.06 47.69 43.88
LS3C 45.68 48.34 51.59 54.12 56.44 57.98 59.27 59.64 59.25 58.15 56.13 53.74 51.65 49.00 45.60 44.09 41.07 39.43
LRR 46.84 54.41 62.03 70.56 78.22 84.86 87.04 84.80 78.19 69.42 61.98 54.47 48.84 45.13 40.99 41.96 41.38 41.27
LRSC 34.11 38.85 40.98 45.30 52.80 59.89 69.33 73.26 69.35 59.85 52.75 41.51 36.95 38.92 38.19 33.98 33.93 37.93
SMR 59.11 63.81 68.79 74.75 78.98 81.99 84.42 85.31 84.46 82.03 78.32 73.73 70.02 63.78 60.94 57.08 53.88 51.28

SC 5331 56.45 59.31 67.54 73.68 81.92 86.78 88.78 86.94 81.89 74.91 65.99 59.37 56.38 51.25 49.49 48.47 48.04
GMM 51.89 54.88 59.34 66.87 72.33 79.84 84.48 86.11 84.44 79.22 72.37 66.92 61.11 56.75 53.95 50.32 49.39 49.09
KC 39.64 40.11 41.78 42.20 48.37 57.96 64.22 66.64 64.20 57.99 50.83 42.25 38.74 37.15 36.62 39.39 36.34 36.33

LDE 73.94 7537  81.34 84.67 87.28 89.39 90.59 91.03 90.63 89.00 87.32 83.36 81.38 7544 74.02 66.76 66.43 58.80
FSC 69.03 74.36 79.13 83.23 86.64 88.81 90.49 91.00 90.48 89.03 86.19 83.28 78.14 74.39 67.21 63.29 54.62 48.07
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3) Salinas: According to Tab. V, DCIDC performs best in
almost all cases except when K = 3. Tab. VI shows that the
clustering NMI of the DCIDC algorithm is 3% higher than
that of the LDE algorithm. It reaches the highest score when
K = 9. The changing trend and intuitive clustering results are
shown as Fig. 7 and Fig. 8 respectively.

Salinas Salinas

Purity(%)

(@ (®)

Fig. 7. The changing trend of different algorithms’ clustering performance
with cluster numbers on the dataset Salinas. (a) shows the changing trend of
the clustering purity and (b) shows the changing trend of NMI.

Fig. 8. The performance comparison of different algorithms on the dataset
Salinas-A. (a) is the false color image of Salinas, (b) is the ground truth
image, (c) DCIDC, (d) PARTY, (e) AESSC, (f) SSC, (g) LS3C, (h) LRR, (i)
LRSC, (j) SMR, (k) SC, () GMM, (m) KC, (n) LDE, (o) FSC.

4) Salinas-A: According to Tab. VII, the DCIDC algorithm
reaches the highest scores with K = 6. When K > 16, the
algorithm LDE gets the best result. Comparing their best re-
sults, algorithm DCIDC is 4.13% higher than algorithm LDE.
In terms of NMI, the proposed DCIDC algorithm performs
best according to the results in Tab. VIII and gets a high score
of 98.45%. As described in Fig. 9, the DCIDC reaches its best
performance when K = 6. The visualized clustering results
are shown in Fig. 10.

Salinas-A Salinas-A

NMI(%)

Purity(%)

(@) (b)

Fig. 9. The changing trend of different algorithms’ clustering performance
with cluster numbers on the dataset Salinas-A. (a) shows the changing trend
of the clustering purity and (b) shows the changing trend of NMI.
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Fig. 10. The performance comparison of different algorithms on the dataset
Salinas-A. (a) is the false color image of Salinas-A, (b) is the ground truth
image, (¢) DCIDC, (d) PARTY, (e) AESSC, (f) SSC, (g) LS3C, (h) LRR, (i)
LRSC, (j) SMR, (k) SC, (1) GMM, (m) KC, (n) LDE, (o) FSC.

5) Discussion: We carry out a lot of comparative experi-
ments by setting different cluster numbers. The experimental
results show that our DCIDC algorithm performs better than
state-of-the-art and traditional clustering algorithms in most
cases. This indicates that it is very effective to constrain the
feature mapping process by intra-class distance, which makes
the data mapped from the source feature space to the new
feature space that is more conducive to clustering. The ground-
truth cluster numbers of Indian pines, Pavia, Salinas, Salinas-
A are 15, 10, 9, 6 respectively. On these four datasets, most
clustering algorithms reach their best clustering effect when
K=14, 10, 9, 6, respectively. This shows that the closer the
cluster number used by the clustering algorithm is to the
ground-truth cluster number, the better the clustering effect
will be. If the cluster number is too small or too large, it will
lead to clustering errors and reduce the clustering accuracy.
According to the experimental results, in most cases, the clus-
tering effect of the deep-learning-based algorithms(DCIDC,
PARTY, AESSC, LDE and FSC) is better than that of the
other shallow models. However, in some cases (for example,
when K = 20 in Tab. III), the scores of the PARTY, the
AESSC, and the LDE algorithm are lower than that of the
LRR, which may be because that the prior matrix C' adopted
by the two algorithms need to be pre-trained and cannot be
adjusted dynamically in the clustering procedure, when the
distribution of the data to be clustered is quite different from
that of the data used for training the matrix C, the two
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TABLE V

CLUSTERING PURITY OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET SALINAS

‘ Purity(%)
Methods | K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10 K=11 K=12 K=13 K=l4 K=I15 K=16 K=17 K=I18 K=19 K=20
DCIDC | 6726 7247 7773 8379 8643 89.07 89.92 8921 8647 8375 81.69 8198 7331 6591 6124 5885 56.18 5438
PARTY | 61.88 6636  71.61 7532 8048  84.13 8520 8395 81.15 7536 6959 6642 6181 5524 5551 53.62 5260 4897
AESSC | 5863 6266 67.89 7155 7827 8371 8514 8331 7830 7159 6474 5893 5856 5595 5434  49.63 5317  53.02
SsC 46.15 4686 4783 5206 59.56  69.17 7795 8125 7793  69.14  59.52 5211 4776  46.84 4506 4584 4489 4588
LS3C 39.63 4157 4240 4310  43.61  43.69 4355 4297 4245 4094 3958  39.19 3656 3650 3349 3202 3283 31.93
LRR 3638 4090 4440 4818 5126 5454 5549 5431  51.88 4822 4435 4096 3840 3666  33.67 3325 3293 3493
LRSC 36.02 3673 3741 4003 4423  47.08 4817  47.04 4419 4091 3736 3677 3505 3485 3578 3577 3477 3477
SMR 63.07 6538  69.16 7323 7543 7727 7784 7731 7569 7319  69.11  66.60  61.56 58.15 5701 5270 5079  51.28
sC 46.82 4692  51.88 5443  60.76  64.65 6853  69.68 6851 6462  59.61  56.08 51.95 4878 4673  43.63 4292  44.64
GMM 5159 5549 5793 60.61 6254 6488 6579 6490 6258  60.65 5629 5359 5356 5034  49.69 4932 49.06  49.09
KC 3093 30.67 3355 3650 4043 4373 4513 4375 4040 3654 3255 3073 3086  29.55 3053 3043 3042 2942
LDE 64.00  67.13 7241 7877 8259 8659  89.10  88.00 8520 8256  79.63 7074 6773 6121  53.08 5201 53.62 5181
FSC 68.03  71.16 7732 81.01 8352 8430 8332 81.04 7628 7287 6807 6094 5665 5311 5046 4858 5031  49.52
TABLE VI
CLUSTERING NMI OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET SALINAS
| NMI(%)
Methods | g_3 k-4 K=5 K=6 K=7 K=8 K=9 K=10 K=I1 K=12 K=I13 K=14 K=I5 K=16 K=17 K=I18 K=19 K=20
DCIDC | 81.08 8420 87.03 8942 9133 9237 9271 9240 9137 8938 87.59 84.16 81.05 77.80 7448 7311 70.34 6592
PARTY | 59.92 6583  69.74 7743 8274 87.60 89.17 8743 8270 7629  69.69 6589  61.80 59.12  57.65 5678 5451  56.36
AESSC | 5620  60.75  66.82 7403 8168 8624  88.10 8622  81.72 7526 6846  60.69  58.07 5322 5146 5267 50.19  52.02
SsC 5291 5756 6339 6928 7672 8230 8644  87.89 8649 8227  76.68  69.99 6333 5663 51.86 4845 4627  44.88
LS3C 4508 4550 4629  47.13 4757  47.63 4752 47.16 4634 4587 4503 4416 4250 4246 4175 40.19 4069  40.43
LRR 4243 4672 4993 5337 5677  59.16  60.02 5893 5608 5222 4828 4495 4250  42.85  41.94 4156 3926  41.27
LRSC 38.07 3854  39.62 3774 4290 4422 4464 4345 4286  41.12 3957 3858 3810 3398 3793 3793 3793 3393
SMR 6442  69.14 7473  78.04 8148  83.66 8445 8378 8174 7860 7468 7035 6599  61.96 5652 5543  51.13  49.28
Nel 5045 5275 5805 6104 6669 7292 7632 7779 7648 7223 6673  61.09 5628 5267 5036  49.12 5035  48.04
GMM 5328 5844 6257 6720 7102 7473 7615 7494 7172 6725 6093 5838 5525 5121 5008 4948  49.11  51.09
KC 3673 4022 3871 4106 4447 4808 4891  48.10 4444 4361  38.67 4028 3666 3643 3944 3634 3633 3633
LDE 7464 7825 8117 8518 87.70  89.40 89.99 8942 8774 8513  81.88 7742 7359 7134 6709 6586  64.03  6l.11
FSC 65.67  70.67 7420 80.73 8427 8723 8831 8740 8478  79.68 7590  68.56 6574 5853 5476 5190 5286  51.52
TABLE VII
CLUSTERING PURITY OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET SALINAS-A
| Purity(%)
Methods | K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10 K=11 K=12 K=13 K=14 K=15 K=16 K=17 K=18 K=19 K=20
DCIDC | 91.36  94.64 9725 98.04 97.13 9490 90.71 8890 8693 8393 7834 7543 6899 6231 5323 4982 4788 4638
PARTY | 82.09 8731 9078 9220 90.76  86.64  80.69 7393 6733 6435 5995 5683 5462 5031 5265 49.15 5206 5197
AESSC | 7536  81.80 8623  88.14 8625 8177 7413 6694 6260 5621 5523 5154  50.67 5236 5211  50.15 5003  52.02
SsC 6029 7285 81.62 8508 81.60  72.82 6275 5192  50.09 4494 4410 4393 4380 4388 4678 4378  43.88  46.88
LS3C 47.68 4895 4942  49.67  49.50 4875 4797 4617 4526 4253 4060 3864 3676 3669 3335 3390 30.80  29.93
LRR 7054 7572 79.80 8098  79.78 7642 7177 6526 6258 5931  57.18 5402 5339 5501 5489 5295 5483 5293
LRSC 50.14 5833 6572  68.66 6570 5892  50.19 4485 4121 3857 3798 3773 3769 3877 3877 3877 3777 3877
SMR 81.88 8488 87.17 8796 87.15 8514 8132 7696 7348 6750 63.08 5928  58.08 5383 5204 5077 4993  49.28
sc 66.01 7123 7591  77.67 7593 7186 6478 5976 5434 5030  47.59  46.11 4532 4287 4472 4276 4465  44.64
GMM 60.62 6329 6494 6575 6509 6325  60.66 5631  53.62 5169 5037  49.64 4927  49.10 49.12  51.10 5099  49.09
KC 4190 4687  51.61 5350  51.59 4856 4436 4095 3891 3493 3463 3454 3443 3742 3752 3742 3442 3442
LDE 90.19  92.16  93.61 9415  93.67 9236 8990 8742 8329 8040 7523 7258 6705 6344 60.11 5901 56.66  52.51
FSC 8125 8388 8556 86.14 8560 8391 8175 7867 7412 7133 6603 6225 6076 5595 5548 51.61  50.12 5102
TABLE VIII
CLUSTERING NMI OF THE DIFFERENT CLUSTERING ALGORITHMS FOR THE DATASET SALINAS-A
| NMI(%)
Methods | K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10 K=11 K=12 K=13 K=l14 K=I15 K=16 K=17 K=I18 K=19 K=20
DCIDC | 93.02 9689 97.80 9845 9780 9631 9582 9438 9245 8827 8592 81.68 79.17 77.13 7454 7249 6778 6642
PARTY | 8247 89.00 9501 9689 9480 8970 81.24 7320 68.13 6123 5788 5604 5699 5454 5645 5629 5637  54.36
AESSC | 78.17 8628  92.19 9441 9240 8690 7931 7135 6440 5724 5379 5380 5078 5241  50.12  50.15  50.03  50.02
e 80.31 8680 9126 9280 9130 8677 8027 7283 6635  60.06 5500 5044 4792 4750 4655 4510 4598  44.88
LS3C 51.84 5271 5341 5364 5345 5267 5153 5051 4851 4753 4610 4386 4262 4151 4070  40.09  39.64  39.43
LRR 7324 8307 9037 9299  90.54  83.11 7329  63.14 5443 4795 4574 4340  40.18 4153 3929 4131  39.18 3927
LRSC 51.88 6036 6993 7326 6991 6040 5192 4439 3795 3592 3519 3490 3685 3493 3493 3693 3693 3493
SMR 8543  89.40 9195 9278 9193 8936 8578  80.67 7542 7094 66.12 61.01 5848 5587 5387 5145 5050  50.78
Nej 7505 8131 8674 8878 8676 8193 7382 6773 6137 5470 5149 4975 5082 5031  50.13  48.17 5005  48.04
GMM 7271 7979 8445 8611 8431 7942 7275 6585  60.83 5554  53.62 5197 5112 4973  49.67 4961 4950  50.59
KC 5326 6396 7372 77.64 7370 6399 5489  46.87 4215 3795 3721 3898 3685 38.84 3693 3883 3883  36.83
LDE 9477 9617 9730  97.68  97.32 9621 9481 9276 9032  87.61 8348 8040 77.35 7644 7219 7184 68.15  66.51
FSC 87.11 9042  92.18 9286 9222 9045 87.61 8393  78.69  73.89  70.66 6469 6258 5723 5631 5209 5033  49.02
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algorithms cannot achieve good clustering effect.

C. Influence of Tradeoff Coefficients

The coefficient \; indicates the constraint degree of intra-
class distance to the DCIDC algorithm and the coefficient Ay
is designed to prevent over-fitting. We investigate the variation
of clustering purity and NMI with different values of A\; and
A2 to obtain the optimal values of the two coefficients. It can
be found that given different values of A; and Aq, the model
achieves different clustering purities and NMIs. In most cases,
the optimal values of \; and A are around 0.3 and 0.0003
respectively. The variations of clustering purity and NMI with
A1 and A are shown as Fig. 11.
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Fig. 11. The variations of clustering purity and NMI with A1 and A2. (a)
~ (d) describe the variation of clustering purity on the four datasets: Indian
Pines, Pavia, Salinas, Salinas-A. (¢) ~ (h) show the variation of NMI on the
same four datasets as (a) ~ (d).

D. Influence of Activation Functions

In this subsection, we report the performance of DCIDC
with four different activation functions on the four datasets.
The used activation functions include Tanh, Sigmoid, Nssig-
moid, and Softplus. From Fig. 12, we can see that the Tanh
function outperforms the other three activation functions in the
experiments and the Nssigmoid function achieves the second
best result which is very close to the best one.
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Fig. 12. The performance of DCIDC with four different activation functions.
(a) Indian Pines, (b) Pavia, (c) Salinas, (d) Salinas-A.

E. Influence of Network Structure

In order to explore the influence of the network structure
on the DCIDC algorithm, we investigated the variation of
clustering purity and NMI by setting different numbers of the
middle layer nodes and network layers, as shown in Fig. 13.
It can be seen from Fig. 13 that the number of nodes in the
middle layer has little impact on the DCIDC algorithm. With
the number of nodes changing from 15 to 55, the clustering
purity and NMI on the same dataset have a negligible change.
On the other hand, too many or too few network layers will
affect the performance of the DCIDC algorithm. Experimental
results show that the optimal network layer number is around
7.

FE. Time Consumption

In order to verify the efficiency of the DCIDC algorithm,
we studied the running time of each algorithm under its own
optimal hyper-parameter conditions on the four datasets, and
the statistical time is the average value of 50 repeated exper-
iments. The results are shown in Fig. 14. When the dataset
size is very small, the advantage of the DCIDC algorithm is
not obvious; on the contrary, when the dataset is large, the
efficiency of the DCIDC algorithm is very prominent. For
example, on the Salinas-A dataset, the DCIDC algorithm and
K-means algorithm take less than one second; on the Salinas
dataset, the DCIDC algorithm takes less than 90 seconds, and
the K-means algorithm takes nearly 200 seconds.

V. CONCLUSIONS

In this paper, we have proposed an intra-class distance
constrained deep clustering approach, which constrains the
feature mapping procedure by intra-class distance. Compared
with the current deep clustering approaches, the procedure of
feature extraction of DCIDC is more purposeful, making the
features learned more conducive to clustering. The proposed
approach jointly optimizes the parameters of the network and
the procedure of the clustering without additional pre-training
process, which is more efficient. We conducted comparative
experiments on four different hyperspectral datasets, and the
purities of the DCIDC are at least 2.4%, 0.9%, 0.9%, 4.13%
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Fig. 13. The variations of clustering purity and NMI with node numbers of
the middle (Z 2 ") layer and network layers. (a) ~ (d) describe the variation
of clustering purity on the four datasets: Indian Pines, Pavia, Salinas, Salinas-
A. (e) ~ (h) show the variation of NMI on the same four datasets as (a) ~

(d).
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Fig. 14. Time consumption of different algorithms on the four datasets. (a)
Indian Pines, (b) Pavia, (c) Salinas, (d) Salinas-A.
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higher than that of the compared methods, respectively, regard-
ing the datasets of Indian Pines, Pavia, Salinas and Salinas-A.
The NMIs of the DCIDC are at least 1.9%, 1.5%, 3.3%, 0.8%
higher than that of the compared algorithms respectively on
the four datasets. The experimental results demonstrate that
the proposed approach performs better than state-of-the-art
clustering methods in terms of purity and NMI. In the future,
adaptive deep clustering methods may be further explored
based on this work.
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