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Abstract

Extreme Learning Machine (ELM), which was initially proposed for training single-layer feed-forward networks (SLFNs),
provides us a unified efficient and effective framework for regression and multiclass classification. Though various ELM
variants were proposed in recent years, most of them focused on the supervised learning scenario while little effort
was made to extend it into unsupervised learning paradigm. Therefore, it is of great significance to put ELM into
learning tasks with only unlabeled data. One popular approach for mining knowledge from unlabeled data is based
on the manifold assumption, which exploits the geometrical structure of data by assuming that nearby points will also
be close to each other in transformation space. However, considering the manifold information only is insufficient for
discriminative tasks. In this paper, we propose an improved unsupervised discriminative ELM (UDELM) model, whose
main advantage is to combine the local manifold learning with global discriminative learning together. UDELM can be
efficiently optimized by solving a generalized eigen-value decomposition problem. Extensive comparisons over several
state-of-the-art models on clustering image and emotional EEG data demonstrate the efficacy of UDELM.

Keywords: Extreme learning machine (ELM), Unsupervised learning, Manifold information, Discriminative
information, Image clustering, EEG

1. Introduction

ELM as an emerging learning technique provides an effi-
cient unified solution to generalized feed-forward network-
s such as SLFNs. The main merit of ELM is that the
network input weights are randomly assigned and inde-
pendent from specific applications [1, 2], which makes the
analytical solution of network output weights be efficient-
ly obtained by solving a least square formula. Despite
the fact that the determination of the network hidden lay-
er outputs is based on randomly generated network input
weights, it has been proven that SLFNs trained based on
ELM algorithm still have the global approximation abili-
ty [3, 4]. ELM is a unified framework for regression and
multiclass classification [5]. Due to its effectiveness and
fast learning process in comparison with gradient descend-
based optimization, the ELM model has been adopted
in many applications such as face recognition [6], action
recognition [7, 8], gesture recognition [9], security assess-
ment [10], EEG signal processing [11], data privacy [12],
image quality assessment [13, 14] and remote sensing [15].

Though many ELM variants were proposed in the last
few years [16, 17, 18, 19, 20, 21, 8], the extension on ELM
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research focused mainly on the supervised learning tasks.
This greatly limits the applicability of ELM in utilizing
unlabeled data. Moreover, in many real world applica-
tions, labeled data is usually expensive to obtain but the
unlabeled data is relatively easy to collect, which drives
us to extend ELM to unsupervised learning by proper-
ly harnessing the unlabeled data. On the basis of mani-
fold regularization, Huang and his colleagues proposed t-
wo ELM variants, semi-supervised ELM and unsupervised
ELM (USELM) [22]. He et al. proposed to do clustering
in ELM hidden layer space in view of the good properties
of its random feature mapping, which shows better results
than clustering in the original data space [23]. The part
from hidden layer to output layer of ELM was discarded
and the hidden layer representation was used for cluster-
ing. The rationality of ELM feature mapping was also
analyzed in [23]. A new ELM clustering technique was p-
resented by Akusok et al. [24] by incorporating some prior
knowledge into clustering. This method utilizes the prior
of the exact number of points in each cluster; however, this
requirement is hard to satisfy in real world applications.
We are usually provided with imbalance data sets which
have different number of points in different clusters. These
models greatly enlarge the applicability of ELM.

In this paper, we aim to make improvements on the ba-
sis of USELM [22] for the reasons that (1) we want to
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retain the whole architecture of ELM network, from in-
put layer, hidden layer to output layer; (2) we need not
to know the exact number of points in each cluster be-
fore clustering. USELM, which was designed to exploit
the underlying structure of data, shows excellent perfor-
mance in clustering when comparing with several state-
of-the-art unsupervised algorithms [22]. However, it pays
only attention to the local structure of data and ignores
the discriminative information of different classes. Various
studies have shown that both structure information and
discriminative information are important in dealing with
discriminative tasks such as classification [25, 26, 27] and
clustering [28, 29]. Specifically, Guan et al. introduced the
manifold regularization and the margin maximization into
non-negative matrix factorization and obtained the man-
ifold regularized discriminative non-negative matrix fac-
torization [25]. In [26], similar technique was incorporated
into the ELM framework for EEG-based emotion recogni-
tion. Shu et al. included the graph regularization term
into the discriminative analysis based on spectral regres-
sion [27]. The formulated LocLDA method covers both
local and global structure information, which is more ef-
fective for face recognition. In [28], Yang et al. proposed
to exploit the discriminative information in each local da-
ta clique based on constructing an elaborate local graph
Laplacian and then globally integrate the local models of
all the local cliques. The formulated model, local discrim-
inant models and global integration (LDMGI), was put
into spectral clustering and promising results were demon-
strated in comparison with ordinary normalized cut [30].
In [29], both local manifold learning and global discrimi-
native learning are incorporated into non-negative matrix
factorization to learn effective data representation.

Inspired by existing studies, we propose a new unsu-
pervised ELM learning model, unsupervised discrimina-
tive ELM, to utilize both the local structure and global
discriminative information of data. Our goal is to learn a
well-structured data representation for data clustering. On
one hand, the learned data representation can preserve the
intrinsic structure as much as possible through efficiently
exploiting the local manifold information. On the other
hand, the global discriminative information is utilized to
qualify the learned representation has the discriminative
power, e.g., differentiating samples from different clusters.

The main contributions of this paper can be summarized
as follows

(1) We propose the unsupervised discriminative ELM
to derive better data representations for clustering.
UDELM utilizes both the local structure and global
discriminative information of data.

(2) Different from USELM, which leaves the parameter
of the number of output neurons to tune, UDELM
defines such value as the number of the clusters. This
more coincides with the original ELM definition.

(3) Extensive experiments were conducted to evaluate the
clustering performance of UDELM by comparing with

several state-of-the-art algorithms. Results on five
widely used image data sets and one emotional EEG
data set demonstrate the efficacy of UDELM.

The remainder of this paper is organized as follows.
Section 2 provides a brief review of ordinary ELM and
USELM [22]. Section 3 proposes the model formulation
and optimization method of UDELM. Experimental stud-
ies to evaluate the performance of UDELM are given in
Section 4. Section 5 concludes the paper.

2. Preliminaries

2.1. Extreme learning machine

Denote {xi, ci}i=1,...,N a set of N raw feature vec-
tors xi ∈ RD and the corresponding class labels
ci ∈ {1, . . . , C}. The task is to train a SLFN with
{xi, ci}i=1,...,N . Such a network consists of D input (the
dimensionality of xi), L hidden and C output (the number
of classes) neurons. In ELM, the number of hidden neurons
is usually set to be larger than the number of classes to en-
sure the global approximation ability [5], i.e., L ≫ C. For
each training vector xi, the corresponding network target
vector is ti = [ti1, . . . , tiC ]. Generally, when xi belongs
to class k, that is ci = k, we have tij = 1 if j = k and
tij = −1 otherwise. In ELM, the network input weights
W ∈ RL×D and the hidden layer bias b ∈ RL are random-
ly generated, which leads to the analytical calculation of
the network output weights β ∈ RL×C .

Based on the above settings, the network response oi =
[oi1, . . . , oiC ] corresponding to xi can be calculated by

oik =

L∑
j=1

βjkhj(xi), k = 1, . . . , C (1)

where h(xi) = [h1(xi), . . . , hL(xi)] ∈ R1×L is the output
row vector of the hidden layer corresponding to the in-
put xi. h(xi) actually maps the sample xi from the D-
dimensional input space X to the L-dimensional ELM fea-
ture space H. By storing the network hidden layer outputs
for all the training vectors in one matrix, we have

H =


h(x1)
h(x2)

...
h(xN )

 =


h1(x1) h2(x1) · · · hL(x1)
h1(x2) h2(x2) · · · hL(x2)

...
...

...
...

h1(xN ) h2(xN ) · · · hL(xN )

 .

We can rewrite (1) in a compact form as

O = Hβ, (2)

where O ∈ RN×C is a matrix containing the network re-
sponses for all training samples xi, i = 1, 2, . . . , N..

The original ELM assumes that oi = ti, i = 1, . . . , N or
O = T in matrix form, where T = [t1; . . . ; tN ] is a matrix
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containing the network target vectors. By using (2), the
closed form of the network output weights is

β̂ = H†T, (3)

where H† is the Moore-Penrose generalized inverse of H.
IfHTH is nonsingular, H† = (HTH)−1HT ; or whenHHT

is nonsingular, H† = HT (HHT )−1 [5]. Once the network
output weights are obtained, the network response for an
unseen vector xnew is given by

onew = h(xnew)β. (4)

To avoid the singularity problem when calculating the
inverse of HTH, a regularization term is introduced to
minimize the norm of the network output weights, which
results in the following objective of regularized ELM as

argmin
β

JRELM =
1

2
∥β∥2 + λ

2

N∑
i=1

∥ξi∥22,

s.t., ξi = ti − h(xi)β, i = 1, . . . , N

(5)

where ξi ∈ R1×C is the error vector corresponding to xi

and λ > 0 is a regularization parameter. Therefore, the
network output weights in regularized ELM can be esti-
mated as

β̂ =

(
HTH+

I

λ

)−1

HTT. (6)

This regularization method is a general way to make the
solution of least square regression stable, which is called
“ridge regression” [31] in statistics.

As a whole, training a SLFN using ELM algorithm can
be summarized in Algorithm 1.

Algorithm 1 ELM-based SLFN training

Input: training set X = {xi, ti}i=1,...,N , activation func-
tion g(·), number of hidden neurons L and regulariza-
tion parameter λ;

Output: Output weight matrix β;
1: Generate the network input weight matrix W and hid-

den layer bias b randomly;
2: Calculate the hidden layer output matrix H;
3: Calculate the network output weight matrix β̂ accord-

ing to (3) or (6).

2.2. Unsupervised extreme learning machine

In [22], ELM was extended to cluster data based on
manifold regularization. The formulated USELM aims at
exploiting the underlying structure of data, having the fol-
lowing objective

argmin
β

Tr
(
βTHTLHβ

)
+ λ∥β∥2,

s.t., (Hβ)THβ = I
(7)

where L is the graph Laplacian matrix constructed in the
input data space X , and the constraint is introduced to

avoid a degenerated solution. Therefore, the optimal so-
lution to problem (7) can be obtained by solving the fol-
lowing generalized eigen-value decomposition problem

(HTLH+ λI)v = γHTHv. (8)

The network output weight matrix β can be formed by
stacking the eigenvectors as its columns.

3. Unsupervised discriminative extreme learning
machine

3.1. Analysis of USELM

USELM aims at finding the linear embedding of hid-
den layer representation by maximally preserving the local
structure of data, which can be seen as a subspace learn-
ing process based on manifold assumption. The network
response is the learned data representation for clustering.
Therefore, USELM is essentially a two-stage algorithm in
which the ELM random feature mapping is followed by the
locality preserving projection [32].

Though USELM has shown excellent performance in
clustering task, it still leaves room for improvement: (1)
From the hidden layer to output layer, it acts actually
as an unsupervised subspace learning process and the di-
mensionality of subspace is arbitrary, which needs to be
tuned. This deviates from the ordinary ELM definition
in which the number of output neurons is usually set as
the number of classes/clusters. (2) Recent studies [25, 33]
demonstrate that both manifold structure and discrimina-
tive information of data are beneficial for classification and
clustering; however, USELM is only based on the manifold
assumption, which neglects to consider the discriminative
information of data.

The proposed UDELM can deal with unlabeled data
more effectively by utilizing both local manifold learning
and global discriminative learning.

3.2. Local manifold learning

In many real-world applications, data points are more
likely to reside on a low-dimensional manifold, which
leads to the manifold learning research in recent years
[34, 35, 36, 37]. A natural assumption in manifold learn-
ing is that nearby data points will be likely to have sim-
ilar properties and should be categorized into the same
cluster [38]. USELM is directly based on such ‘manifold
assumption’, which can preserve the local structure of da-
ta when projecting the hidden layer data representation
to the output layer. Therefore, it is expected that if xi

and xj are within a small neighborhood, the correspond-
ing learned USELM representations h(xi)β and h(xj)β,
will share similar properties.

The widely used method to preserve the intrinsic da-
ta structure is the graph-based manifold method [39, 40].
Generally, data points are modeled as a graph with N
vertices, each edge is established if two data points are
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k nearest neighbors. There are many choices to define
the affinity matrix S on the graph such as binary weight-
s, Gaussian weights and dot product weights. Similar to
USELM, we adopt the Gaussian weights, i.e.,

sij =

{
exp

(
−∥xi−xj∥2

σ

)
, if xi ∈ Nk(xj) or xj ∈ Nk(xi)

0, otherwise
(9)

where σ is the bandwidth parameter and Nk(xi) denotes
the set of k nearest neighbors of xi. The graph Laplacian
matrix is L = D− S, where dii =

∑
j sij .

Preserving the local structure of data is equivalent to
minimize the following objective

argmin
β

N∑
i,j=1

sij∥h(xi)β − h(xj)β∥2, (10)

which can be simplified as Tr(βTHTLHβ). Here Tr(·)
is the trace operator. In this way, the nearby points are
encouraged to have similar representations.

3.3. Global discriminative learning

USELM utilizes the local structure for clustering and
the Laplacian matrix is only based on k nearest neigh-
bors relationship of input data. As was pointed out in
[41], emphasizing local structure only may induce overfit-
ting and thus degrade the clustering performance. In or-
der to make the learned data representation characterize
the discriminative power, we attempt to discover the glob-
al discriminative information of data. Before introducing
the discriminative regularization term, we briefly review
the definitions of scaled indicator matrix, between-cluster
scatter and total scatter [42].

Denote the indicator matrix by Y ∈ {0, 1}N×C , then
the corresponding scaled indicator matrix is

F = Y(YTY)−1/2, (11)

where each column Fj in F is
[0, . . . , 0, 1, . . . , 1︸ ︷︷ ︸

nj

, 0, . . . , 0]T /
√
nj , and nj is the num-

ber of points in the j-th cluster. In UDELM, we expect
that the learned data representation Hβ can characterize
the structure of F to capture the discriminative ability.
Then the representation will yield promising clustering
performance in the embedded space RN×C . Obviously,
Hβ should approach F, which can be measured by a
small constant ε, i.e., ∥Hβ − F∥2 ≤ ε.

Given a centering matrix M = IN − 1
N 1N1T

N , where 1N

is a column vector with all ones and IN is an identity ma-
trix, the between-cluster scatter and total scatter matrices
are respectively defined as [43]

Sb = X̃FFT X̃T ,

St = X̃X̃T ,
(12)

where X̃ = XM is the centered data matrix. According
to the principle of discriminative analysis, the distance be-
tween data points from different clusters should be as large
as possible while the distance between data points from the
same cluster should be as small as possible. To this end,
it is reasonable to maximize the following objective

argmax
F

Tr
[
(St + µI)−1Sb

]
, (13)

where µ > 0 is a small constant to avoid the singularity in
calculating the inverse of St. Since Tr(FTMF) = C − 1 is
a constant [41], problem (13) is equivalent to

argmin
F

Tr
[
FT (M− X̃T (X̃X̃T + µI)−1X̃)F

]
. (14)

Therefore, we can obtain the data representation charac-
terizing the discriminative power by minimizing the above
objective.

3.4. UDELM model formulation

Treating the discriminative information as a regularizer,
we combine problems (10) and (14) together to formulate
the UDELM objective as

argmin
β,F

Tr(βTHTLHβ) + λTr(FTQF),

s.t. ∥Hβ − F∥2 ≤ ε,
(15)

where Q = M−U and U = X̃T (X̃X̃T + µI)−1X̃. Recall
that F is the scaled indicator matrix. According to its
definition, in each row of F, there is only one positive
element and the others are 0, which makes (15) an NP-hard
problem. Therefore, we relax F into continuous domain
and make this problem tractable. It is easily to verify that

FTF = (YTY)−1/2YTY(YTY)−1/2 = IC . (16)

Therefore, objective (15) becomes

argmin
β,F

Tr(βTHTLHβ) + λTr(FTQF),

s.t. ∥Hβ − F∥2 ≤ ε, FTF = I.
(17)

Similar to [29], we set Hβ = F, which is equivalent to
ε=0; then we have the following objective

argmin
β

Tr
[
(Hβ)T (L+ λQ)(Hβ)

]
,

s.t. (Hβ)T (Hβ) = I
(18)

where the constraint is introduced to avoid a degenerated
solution. The solution to problem (18) is given by the
following theorem.

Theorem 1. An optimal solution to (18) can be obtained
via generalized eigen-value decomposition. Specifically,
columns of β, β = [β1, β2, . . . , βC ] ∈ RN×C , are eigen-
vectors corresponding to the first C smallest eigenvalues
of the generalized eigenvalue problem as

HT (L+ λQ)Hβi = γiiH
THβi, i = 1, 2, . . . , C. (19)
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Proof. The Lagrangian function to problem (18) is

L(β) =Tr
[
(Hβ)T (L+ λQ)(Hβ)

]
− Tr

[
Γ
(
(Hβ)T (Hβ)− I

)T ]
.

(20)

Taking the derivative of L(β) w.r.t. β, and setting the
derivative to zero, we have

∂L(β)
∂β

= 2HT (L+ λQ)Hβ − 2HTHβΓ = 0, (21)

HT (L+ λQ)Hβ = HTHβΓ. (22)

For each column in β, we have the following eigenvalue
decomposition problem

HT (L+ λQ)Hβi = γiiH
THβi, i = 1, 2, . . . , C,

where γii is the i-th element in diagonal matrix Γ.

3.5. Discussions

To outline the whole process of UDELM-based image
clustering, we show the overview in Figure 1. Specifically,
we first extract the raw features from input images. Then
we learn well-structured image representation by feeding
the raw features into UDELM. Finally, K-means will be
applied on the learned representations to do clustering.

Local structure and global discrimination information
are beneficial for both supervised and unsupervised tasks .
Naturally, in ELM framework, it is necessary to introduce
both properties to enhance its performance [21, 22, 26].
Figure 2 shows the model evolution of several ELM vari-
ants. We can clearly see the connection among these four
ELM variants.

ELM 

GELM 

USELM UDELM 
Structure 

Information 

DMELM 
Structure 

Information 

Discriminative 

Information 

Discriminative 

Information 

Supervised Extension 

Unsupervised Extension 

Figure 2: Model evolution of ELM variants.

4. Experimental studies

In this section, we conduct experiments on image and
EEG data clustering tasks to demonstrate the effectiveness
of UDELM. The source code will be available from http:

//bcmi.sjtu.edu.cn/~pengyong to help reproducing the
experimental results.

4.1. Evaluation metrics

Following the convention of clustering study, we use the
clustering accuracy (ACC) and normalized mutual infor-
mation (NMI) as evaluation metircs.

Clustering Accuracy (ACC). Given a data set with n
points; for xi, let ri be the clustering result from the clus-
tering algorithm and si the ground truth label. ACC is
defined as

ACC =

∑N
i=1 δ(si,map(ri))

N
, (23)

where δ(x, y) = 1 if x = y; δ(x, y) = 0 otherwise, and
map(ri) is the optimal mapping function that permutes
clustering labels to match the ground truth labels. The
best mapping can be found by using the Kuhn-Munkres al-
gorithm [44]. A larger ACC indicates better performance.

Normalized Mutual Information (NMI). For two arbi-
trary variables P and Q, NMI is defined as [45]

NMI(P,Q) =
I(P,Q)√
H(P )H(Q)

, (24)

where I(P,Q) is the mutual information between P and
Q, H(P ) and H(Q) respectively denote the entropies of P
and Q. Obviously, if P is identical with Q, NMI(P,Q) will
be equal to 1; if P is independent from Q, NMI(P,Q) will
become 0. Let tl be the number of samples in the cluster
Cl (1 ≤ l ≤ C) obtained by clustering algorithm and t̃h
be the number of samples in the h-th ground truth cluster
(1 ≤ h ≤ C). NMI is defined as [45]

NMI =

∑C
l=1

∑C
h=1 tl,h log(

n·tl,h
th t̃h

)√
(
∑C

l=1 tl log
tl
n )(

∑C
h=1 t̃h log

t̃h
n )

, (25)

where tl,h is the number of samples, which are in the inter-
section between the cluster Cl and the h-th ground truth
cluster. Similarly, a larger NMI indicates better clustering
results.

4.2. Image clustering

4.2.1. Data corpora

• ORL1. This data set contains ten different images of
each of 40 distinct subjects. The images were taken at
different times, varying the lighting, facial expressions
and facial details. Each image is manually cropped
and normalized to size of 64×64 pixels.

• Yale2. This data set contains 64×64 gray scale im-
ages of 15 subjects. There are 11 images per subject
facial expression or configuration.

1http://www.uk.research.att.com/facedatabase.html
2http://cvc.yale.edu/projects/yalefaces/yalefaces.html
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Figure 1: UDELM-based image clustering framework overview.

• COIL203. This data set has 1440 images of 20 ob-
jects, with each object containing 72 images from d-
ifferent views. We have resized each image to 32×32
pixels.

• MNIST4. This data set has a training set of 60,000
samples, and a test set of 10,000 samples with each
image size of 28×28. We use a subset of 4,000 samples
for clustering.

• Caltech1015. This data set contains 101 object cat-
egories with about 40 to 800 images for each cate-
gory. Each image is roughly with size 300×200 pix-
els. Except the BACKGROUND GOOGLE catego-
ry, we choose the subset with 10 largest categories,
which contains 3044 images in total. By extracting
the SIFT descriptors and then generating the code-
words as the features, we get a 500-dimensional fre-
quency histogram for each image.

Table 1 summarizes the detailed information of these
five data sets in terms of the total number of samples, fea-
ture dimension and clusters. Several sample images from
these five data sets are shown in Figure 3.

3http://www.cs.columbia.edu/CAVE/software/softlib/coil-
20.php

4http://yann.lecun.com/exdb/mnist/
5http://www.vision.caltech.edu/Image Datasets/Caltech101/

Table 1: Statistics of the five data sets.
Dataset Size(N) Dimensionality(D) # Classes (C)

ORL 400 4096 40

Yale 165 4096 15

COIL20 1440 1024 20

MNIST 4000 784 10

Caltech101 3044 500 10

4.2.2. Experimental settings

To show the effectiveness of the clustering performance
by UDELM, we compared UDELM with the following five
popular algorithms:

• Canonical K-means clustering method (Kmeans);

• Graph Regularized Non-negative Matrix Factoriza-
tion (GNMF [39]);

• Locally Consistent Concept Factorization (LCCF
[40]);

• Local Discriminative Models and Global Integration
(LDMGI [28]);

• Unsupervised Extreme Learning Machine (USELM
[22]);

The evaluations were conducted with different numbers
of clusters. For each given cluster number, 20 test run-
s were conducted on different randomly chosen clusters.

6



(a) Sample images of two subjects from ORL data set.

(b) Sample images of two subjects from Yale data set.

(c) Sample images of 20 objects from COIL20 data set.

(d) Sample images of 10 digits from MNIST data set.

(e) Sample images of 10 largest categories from Caltech101 data set.

Figure 3: Sample images from five data sets. a) ORL, b) Yale, c)
COIL20, d) MNIST and e) Caltech101.

The final performance is recorded by averaging the per-
formance of the 20 tests. For fair comparison, we record
the randomly selected cluster indices, and fix them for all
compared algorithms. For GNMF and LCCF, we set the
number of basis columns to be the number of clusters and
use the obtained coefficient to determine the cluster label
of each data point. The K-means is repeated 100 times
with different initializations and the best result in terms
of the objective function of K-means is recorded.

For all the graph-based methods, the number of near-
est neighbors k is set to a small number 5 as suggest-
ed in [39]. The ‘Gaussian’ function is used to measure
the affinity for all related algorithms in which the band-
width parameter is set as the average value of Euclidean
distance among the points. In LCCF, ‘Gaussian’ ker-
nel is used and the bandwidth parameter is set in the
same way. The regularization parameter λ in GNMF, LC-
CF and USELM is searched from {10−3, 10−2, . . . , 103}.
The parameter λ used to avoid singularity problem in
LDMGI is searched from {10−8, 10−6, . . . , 108}. The pa-

rameters µ and λ in UDELM are respectively selected
from {10−8, 10−6, . . . , 108} and {10−3, 10−2, . . . , 103}. For
USELM and UDELM, the activation function is ‘sigmoid’
function and the number of hidden layer neurons is three
times of the input dimension. We report the best results
from the optimal ones.

4.2.3. Image clustering results

Figure 4 shows the effectiveness of the proposed
UDELM on ORL. The detailed results are described in
Table 2. It is clear that UDELM outperforms all the other
algorithms expect when K = 2. Based on the quantita-
tive comparison results, UDELM averagely achieves 6.26%
improvement in accuracy and 4.45% improvement in nor-
malized mutual information than the best results of the
other algorithms. Similar results can be found in the oth-
er Yale face data set, which are shown in Figure 5 and
Table 3. The improvements on accuracy and normalized
mutual information are respectively 5.41% and 4.45%.
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Figure 4: Clustering performance on ORL.
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Figure 5: Clustering performance on Yale.

Figure 6 and Table 4 show the clustering results on
COIL20 by graphical form and numerical form, respec-
tively. GNMF performs quite well on this data set, which
yields similar results as UDELM when K increases. How-
ever, for the average performance, UDELM can still obtain
2.10% improvement on accuracy and 2.70% improvement
on normalized mutual information when comparing with
the best results of other algorithms.

The clustering results on MNIST is shown in Figure 7
and Table 5. Obviously, UDELM outperforms all the other
algorithms in all cases. The performance of LDMGI algo-
rithm is close to that of UDELM and the differences on ac-
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Figure 6: Clustering performance on COIL20.

curacy and normalized mutual information are only 1.15%
and 1.10%. LDMGI also takes the local structure and dis-
criminative information of data into consideration, which
further shows the importance of these two techniques.
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Figure 7: Clustering performance on MNIST.

Clustering on Caltech101 is a relatively difficult task be-
cause this is an imbalance data set in which each cluster
contains different number of samples. Figure 8 and Ta-
ble 6 present the results on this data set. We can see
that both LDMGI and UDELM obtain promising results,
while the UDELM still has 0.89% improvement on accu-
racy and 1.10% improvement on normalized mutual infor-
mation with respect to LDMGI.
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Figure 8: Clustering performance on Caltech101.

4.2.4. Parameter sensitivity analysis

There are two hyper parameters, the regularization pa-
rameters µ and λ, in UDELM. The other two parameters:
the number of nearest neighbors k and the bandwidth σ
of Gaussian function are set the same values of all related

algorithms in the above experiments, which should be fair
comparison. Thus we only investigate the performance of
UDELM in terms of the parameters combination (µ, λ).
Figures 9 and 10 show how the average accuracy and nor-
malized mutual information of UDELM varies with the
parameters combination (µ, λ), respectively.

As we can see, the performance of UDELM is very sta-
ble with respect to the parameters combination (µ, λ).
UDELM consistently achieves good performance when µ
is relatively small and λ is large. The main role of µ is
to avoid the singularity problem when calculating matrix
inverse. Thus a small value can satisfy this. A large λ
reflects that the global discriminative information is im-
portant for learning a well-structured data representation.
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Figure 9: Clustering accuracy of UDELM vs. µ and λ.

4.3. EEG signal clustering

EEG signals reflect the electrical activities along the s-
calp, which can provide us a reliable channel to investigate
the human emotional states. In this section, we apply
UDELM on EEG-based emotional states clustering task
for further evaluating its effectiveness.

8



Table 2: Clustering performance on ORL.

K
Accuracy (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 90.25±14.46 91.25±14.95 93.50±11.01 92.00±10.93 91.25±13.36 93.50±10.40

4 80.00±10.42 81.88±10.54 81.12±10.84 86.13±8.53 84.38±9.10 88.13±8.58
8 68.19±8.93 71.87±8.86 70.06±10.47 74.56±9.19 75.50±6.74 82.25±8.84
12 65.63±6.79 69.67±7.09 68.63±8.23 72.25±8.35 72.42±7.01 80.71±9.73
16 60.06±6.71 67.19±6.03 65.53±6.82 66.06±6.24 68.84±5.43 76.34±6.98

20 58.27±3.92 64.45±4.54 64.32±5.70 66.50±4.59 67.35±4.00 73.15±5.23
25 57.96±4.07 62.98±3.97 63.94±3.74 64.34±4.68 66.00±3.58 73.58±5.02
30 54.90±3.12 60.15±2.97 61.27±4.31 62.20±3.81 64.80±2.65 70.60±3.38

40 54.25 59.50 60.25 59.50 61.50 71.00

Avg. 65.50 69.88 69.85 71.50 72.45 78.81

K
Normalized Mutual Information (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 71.86±37.30 75.94±38.38 79.27±32.92 75.09±31.36 73.60±36.15 77.90±30.79
4 74.59±11.19 74.79±13.78 74.17±12.19 78.46±11.23 77.14±11.21 81.61±12.46

8 71.89±8.08 74.84±7.36 72.88±9.36 77.58±8.11 78.27±5.74 81.50±7.75
12 73.37±5.61 76.76±5.26 74.94±5.48 79.34±6.48 78.46±5.26 84.77±6.73
16 71.18±4.85 75.13±4.80 74.49±4.85 75.70±4.05 76.96±4.33 81.55±5.00
20 71.44±2.53 75.65±3.08 75.22±3.83 76.86±2.91 77.16±2.91 81.58±3.79

25 72.56±3.00 75.78±2.21 75.32±2.30 76.42±2.93 77.15±2.53 81.95±3.06
30 71.46±2.42 74.92±2.27 74.79±2.87 74.82±3.26 76.56±2.20 80.42±2.39
40 71.57 75.08 73.79 76.54 76.43 80.54

Avg. 72.21 75.43 74.99 76.76 76.86 81.31

Table 3: Clustering performance on Yale.

K
Accuracy (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 90.00±17.05 88.86±11.47 90.91±10.84 86.82±10.62 86.82±16.48 92.50±8.51
3 72.42±21.38 75.15±11.36 76.97±13.28 76.97±12.41 82.42±9.71 86.36±4.66

4 59.20±17.32 66.48±11.03 65.34±12.40 61.25±11.24 73.18±11.48 77.95±10.94
5 57.00±9.05 65.09±10.71 60.73±15.69 60.45±12.33 65.09±12.99 71.36±9.80
6 57.65±6.19 62.12±8.02 58.94±9.04 58.48±7.62 61.36±8.08 68.79±7.18

7 56.82±5.51 59.68±5.05 57.08±3.51 57.08±5.68 58.96±4.31 65.13±5.20
8 55.17±5.88 56.93±6.37 54.26±4.75 54.43±5.35 57.16±3.60 61.76±5.03
9 54.55±5.52 57.53±4.20 54.04±5.61 55.35±4.69 57.47±3.81 61.16±4.53
10 53.41±6.30 57.18±4.65 54.45±4.93 53.09±4.53 55.59±4.36 60.59±5.05

11 53.26±3.53 56.69±3.83 54.50±3.88 52.15±4.27 55.83±3.72 59.88±3.14
12 52.77±5.33 55.42±3.75 52.88±4.01 51.93±3.81 53.60±3.59 59.62±3.40
13 49.93±4.82 53.32±3.88 52.20±3.30 49.16±2.88 54.48±2.85 58.81±3.21
14 50.03±3.06 53.77±3.84 52.76±2.73 50.49±2.06 53.05±3.53 58.41±2.75

15 49.09 53.94 52.12 53.33 52.12 60.61

Avg. 57.95 61.58 59.80 58.64 61.94 67.35

K
Normalized Mutual Information (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 72.36±35.46 60.77±29.47 67.11±29.18 57.04±25.07 62.14±37.54 72.06±26.71

3 52.01±28.79 52.16±13.27 55.23±18.23 53.08±14.07 58.68±15.88 63.00±10.77
4 46.60±22.50 51.43±15.68 48.57±13.86 46.25±11.70 56.98±13.34 59.53±12.94
5 48.98±12.41 53.09±14.52 49.50±16.77 46.90±10.89 52.02±13.38 56.97±9.49
6 50.93±7.96 52.86±8.93 51.60±8.70 51.44±7.94 52.75±8.03 57.34±5.61

7 52.02±6.09 53.56±6.26 53.20±5.06 52.34±6.39 56.20±5.31 58.62±5.13
8 51.11±7.75 52.77±6.70 49.57±6.59 50.52±6.45 53.77±5.78 57.43±5.07
9 51.30±5.79 53.50±5.15 52.35±5.45 53.01±5.44 53.78±4.87 58.37±4.78
10 52.12±6.06 55.01±5.63 53.02±4.99 51.42±5.75 53.91±5.35 56.91±5.20

11 53.27±3.41 54.73±3.67 53.44±3.41 51.71±4.40 54.36±3.61 57.89±3.04
12 54.07±4.31 54.59±3.85 53.29±2.98 51.72±3.72 53.34±3.56 58.31±2.86
13 52.03±3.27 53.92±3.55 53.44±2.57 49.85±3.07 54.16±2.26 58.33±3.15
14 52.10±3.45 55.38±2.82 54.97±2.39 51.65±2.31 53.87±2.19 58.78±2.21

15 52.55 55.34 53.75 54.28 55.38 60.22

Avg. 52.96 54.22 53.50 51.51 55.10 59.55
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Table 4: Clustering performance on COIL20.

K
Accuracy (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 94.20±8.24 97.08±6.85 99.20±2.58 99.76±1.09 99.34±2.38 99.76±1.09
4 84.64±13.45 91.94±12.98 91.46±14.16 93.84±12.15 89.08±15.20 94.77±10.32
6 76.53±10.74 87.42±10.47 90.62±9.38 91.85±8.71 88.63±10.86 93.67±8.11

8 75.06±11.15 89.05±6.90 88.17±8.99 87.02±7.74 89.87±8.41 92.40±8.17
10 72.11±7.41 88.37±8.42 87.11±7.21 84.32±5.45 85.15±8.62 89.03±8.21
12 71.34±6.93 86.51±6.83 85.12±8.46 84.94±6.35 83.83±5.83 86.86±6.93

14 67.10±4.05 82.27±4.01 79.88±5.19 81.46±4.52 80.93±5.19 83.56±4.23
16 67.38±4.26 83.32±4.00 78.10±5.54 81.05±4.51 80.53±3.03 83.69±3.59
18 65.49±3.24 82.84±3.68 77.14±4.27 79.78±4.44 80.13±3.24 82.55±3.21
20 65.83 80.21 76.67 81.04 82.78 83.68

Avg. 73.97 86.90 85.35 86.51 86.03 89.00

K
Normalized Mutual Information (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 80.40±25.09 90.42±20.79 96.69±10.43 98.82±5.30 97.21±9.45 98.82±5.30
4 77.54±17.20 88.73±15.71 89.57±15.53 91.25±14.96 87.65±16.05 92.81±12.44
6 72.32±11.58 85.83±10.45 89.94±8.10 91.20±8.37 89.17±8.57 93.29±6.38

8 75.27±9.26 89.81±5.26 89.35±6.21 89.79±5.02 92.10±4.86 93.94±5.33
10 74.12±6.13 89.84±5.68 89.71±4.48 89.93±3.29 89.53±4.49 92.96±3.89
12 75.37±5.65 90.62±3.79 89.69±4.66 89.82±4.50 90.04±3.30 92.46±3.72

14 74.15±2.88 87.01±3.08 85.29±3.22 88.56±2.66 88.59±2.31 90.70±2.32
16 74.81±2.26 89.59±2.95 84.94±3.65 89.07±2.70 88.93±1.59 91.30±1.76
18 74.88±2.07 89.74±1.63 84.42±2.22 88.62±2.53 88.84±1.47 91.27±1.64
20 75.78 89.09 82.45 90.36 90.09 91.61

Avg. 75.46 89.07 88.21 90.74 90.22 92.92

Table 5: Clustering performance on MNIST.

K
Accuracy (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 91.57±7.52 94.54±6.01 98.51±1.34 99.01±0.96 98.89±1.03 99.10±0.94

3 77.01±15.65 79.99±17.54 82.59±14.61 93.90±8.58 90.07±15.28 94.39±8.29
4 70.94±11.44 77.25±12.99 76.90±9.81 87.57±11.52 85.96±10.64 89.60±9.59
5 68.84±10.26 75.94±11.06 69.19±7.91 83.13±11.08 79.81±13.50 85.34±8.94
6 64.69±7.16 71.21±10.11 64.69±7.85 80.22±9.06 75.23±11.46 82.09±8.95

7 59.27±5.29 65.34±5.25 60.82±7.09 73.39±7.86 68.15±7.82 74.83±7.43
8 58.72±3.55 65.38±5.14 59.63±5.71 72.59±7.01 64.18±7.27 73.12±6.24
9 55.03±2.02 60.58±3.21 54.68±4.99 70.05±3.98 60.56±3.12 71.08±4.78
10 54.65 61.18 51.05 67.13 60.32 68.85

Avg. 66.75 72.38 68.67 80.89 75.91 82.04

K
Normalized Mutual Information (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 64.49±23.74 76.46±21.58 90.14±7.73 92.80±6.12 92.02±6.31 93.46±5.90
3 54.28±15.92 65.50±17.78 63.99±16.41 83.78±13.94 79.39±16.82 83.86±14.98

4 54.25±10.52 65.75±11.92 62.11±11.49 79.42±9.98 75.18±10.16 79.79±10.31
5 53.27±8.09 66.42±8.46 58.28±8.07 76.00±9.91 72.32±10.68 76.67±8.22
6 51.44±5.32 64.59±7.56 54.21±7.08 72.77±7.32 70.71±8.19 73.98±6.87
7 51.91±3.18 61.74±3.40 54.11±4.93 70.27±4.40 66.64±5.02 71.16±5.04

8 52.59±2.44 62.23±4.17 54.19±4.00 70.08±4.47 65.13±4.70 71.43±4.20
9 50.09±2.16 59.25±2.32 51.18±3.82 67.82±2.10 61.31±2.29 70.13±2.31
10 49.92 59.77 49.95 64.02 59.45 66.39

Avg. 53.58 64.63 59.80 75.22 71.35 76.32
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Table 6: Clustering performance on Caltech101.

K
Accuracy (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 74.77±14.25 76.46±17.49 76.21±17.39 76.45±19.12 73.91±16.97 77.12±18.42
3 62.13±15.79 71.73±13.30 72.07±11.51 70.39±12.59 70.67±11.29 72.61±12.05
4 56.95±11.96 59.81±11.45 59.96±11.68 60.18±12.40 59.27±12.09 62.14±12.02

5 52.88±8.59 54.03±10.23 55.08±7.89 56.33±8.86 53.73±10.23 56.51±9.75
6 52.09±8.11 54.24±7.41 54.37±6.50 56.61±8.40 54.39±7.87 57.88±9.28
7 46.29±8.19 48.27±7.13 47.65±6.12 51.92±7.19 48.72±7.42 51.64±6.10
8 45.04±4.71 47.64±4.70 46.09±8.06 50.16±4.46 47.26±5.24 51.45±3.89

9 45.26±4.63 45.84±4.20 43.86±3.63 49.73±2.50 45.86±4.64 50.21±2.91
10 42.08 44.88 42.74 50.46 43.86 50.70

Avg. 53.05 55.88 55.34 58.03 55.30 58.92

K
Normalized Mutual Information (%)

Kmeans GNMF LCCF LDMGI USELM UDELM

2 24.50±26.61 30.87±30.99 30.62±30.35 34.55±30.61 25.37±28.93 34.57±30.53
3 30.68±19.20 40.21±18.67 38.26±17.19 38.40±18.12 38.42±16.63 41.55±16.00
4 30.28±14.50 32.45±13.75 31.27±12.94 33.59±13.58 33.25±13.62 34.68±13.64
5 32.69±10.31 34.00±10.26 33.10±8.75 35.58±9.98 34.10±11.44 36.96±11.01

6 37.03±8.21 38.62±7.71 37.53±6.78 42.49±7.66 39.43±8.50 42.94±8.35
7 33.14±7.57 34.14±6.95 31.73±6.49 37.98±7.23 35.31±7.86 38.58±7.76
8 35.37±4.40 36.04±4.87 35.40±6.47 38.80±4.44 36.32±4.75 40.23±4.36
9 35.84±3.14 35.81±3.31 35.70±3.28 40.46±3.18 37.19±3.92 41.26±3.49

10 36.02 35.26 36.61 40.28 36.86 41.04

Avg. 32.84 35.27 34.47 37.99 35.14 39.09
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Figure 10: Clustering normalized mutual information vs. µ and λ.

4.3.1. Data sets

Three types of emotional states (positive, neutral and
negative) were evoked by watching different types of movie
clips. A 62-channel electrode cap according to the extend-
ed international 10-20 and ESI NeuroScan System were
used to recored the EEG signal with sampling rate 1000Hz.
15 subjects aged between 20 to 27 participated in the EEG
signal collection experiment. Each of them participated
three times, at the interval of about one week. The de-
tailed description of EEG signal collection including stim-
uli, subjects, experimental procedure can be found in [26].

After preprocessing the EEG signal, the differential en-
tropy (DE) feature defined as

h(X) =

∫ +∞

−∞

−1√
2πσ2

e−
(x−µ)2

2σ2 log

(
1√
2πσ2

e−
(x−µ)2

2σ2

)
dx

=
1

2
log(2πeσ2),

is extracted from five frequency bands of EEG. They
are δ(1-3Hz), θ(4-7Hz), α(8-13Hz), β(14-30Hz) and γ(31-
50Hz). Short-time Fourier transform with 1s non-
overlapping Hanning window was used to calculate the
average DE features of each channel on these bands. Each
frequency band of EEG signal has 62 channels and thus
310 dimensional features were obtained for each sample. S-
ince the effective experimental time was about 57 minutes,
we finally got about 3400 samples for each experiment. To
get reliable samples, Linear Dynamic Systems was used to
remove the rapid changes of EEG features.

4.3.2. Experimental settings and results

As was reported in [29], we found similar results that
LDMGI performed worse in other data modalities such as
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text data and EEG data; therefore, the results of LDMGI
on EEG signal clustering are not included. The affinity
matrix based on ‘Heatkernel’ equation defined in (9) is
reasonable for image data [39]; here we use ‘0-1’ weight
scheme for EEG signal clustering for simplicity. The pa-
rameters are set the same values as those in section 4.2.2.

In previous studies [46, 47, 26], we found that the DE
features of β and γ frequency bands are more relevant to
the transition of emotional states; therefore, we experi-
ment on three types of features: β band features, γ band
features and all frequency bands features.

Tables 7, 8 and 9 respectively present the clustering
results of different algorithms on β, γ and all frequency
bands features extracted from emotional EEG signal. The
best results are shown in boldface. These results are across
different subjects and different experiments. From the re-
sults, we can see that: (1) UDELM consistently performs
better than the other algorithms, which means that both
geometrical structure and discriminative information are
helpful in exploring the regularity contained in the EEG
data. UDELM is a competitive algorithm for emotion-
al EEG data clustering. (2) The results obtained from γ
band feature, which are shown in Table 8, are obviously
more promising that those shown in Tables 7 and 9. This
suggests that γ band is the key relevant frequency band to
emotion, which is consistent with the conclusion in [46].

Table 7: Clustering performance on β frequency band features.
Metric ACC(%) NMI(%)

Kmeans 58.28±12.03 30.54±18.34
GNMF 60.89±9.53 32.73±16.23

LCCF 60.23±10.99 33.97±17.80
USELM 59.02±14.31 30.30±21.13
UDELM 77.33±11.24 57.15±16.62

Table 8: Clustering performance on γ frequency band features.
Metric ACC(%) NMI(%)

Kmeans 62.31±10.56 37.18±16.84
GNMF 69.13±12.06 43.02±19.30
LCCF 64.17±10.05 39.53±16.77

USELM 64.15±13.66 38.19±21.22
UDELM 79.64±11.09 61.06±16.78

Table 9: Clustering performance on all frequency bands features.
Metric ACC(%) NMI(%)

Kmeans 59.85±11.89 32.59±18.80
GNMF 62.73±9.72 33.48±15.90
LCCF 64.11±11.04 37.31±21.02

USELM 60.11±14.76 33.47±21.02
UDELM 78.60±11.16 60.61±17.52

For each subject, we show the clustering performance
of different algorithms in Figures 11 and 12, which are
respectively based on β and γ bands features. Obviously,
for EEG data, the accuracy metric is more stable than the
normalized mutual information metric.

Each subject has three sets of EEG data which were
collected in different times. For each time EEG data of
each subject, we show the clustering results in Figure 13,
in which all the frequency bands features are used.
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(a) Average accuracy of each subject.
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(b) Average normalized mutual information of each subject.

Figure 11: Average performance of each subject on β band feature.
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(a) Average accuracy of each subject.
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(b) Average normalized mutual information of each subject.

Figure 12: Average performance of each subject on γ band feature.

5. Conclusion and future work

In this paper, we have presented a novel ELM variant for
unsupervised learning, called unsupervised discriminative
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(a) Clustering accuracy of the first time EEG data.
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(b) Clustering NMI of the first time EEG data.
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(c) Clustering accuracy of the second time EEG data.
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(d) Clustering NMI of the second time EEG data.
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(e) Clustering accuracy of the third time EEG data.
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(f) Clustering NMI of the third time EEG data.

Figure 13: Clustering performance on all frequency bands features of emotional EEG data.

Extreme Learning Machine. UDELM takes both local ge-
ometrical structure and the global discriminative informa-
tion of data into learning. As a result, UDELM can learn
more effective data representation than the ordinary un-
supervised ELM, which only preserves the local structure
of data. Moreover, UDELM objective can be efficiently
solved via generalized eigen-value decomposition. Exper-
iments on extensive image and EEG data sets show that
UDELM can obtain promising results on data clustering.

The non-negative representation has shown superior
performance to mixed-sign representation in clustering
[41, 48], for our future work, we will consider the non-
negativity of ELM output for clustering.
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