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Abstract:
Sparse learning is an effective procedure for include determination and abstaining
from overfitting in machine learning research zones. Considering sparse learning for genuine
issues with online learning requests in neural systems, and online sparse regulated learning of
extreme learning machine (ELM) calculation is proposed dependent on rotating direction
method of multipliers (ADMM), named OAL1-ELM. In OAL1-ELM, a ℓ 1 - regularization
punishment is included misfortune work for creating a sparse answer for upgrade the
speculation capacity. This arched combinatorial misfortune work is explained by utilizing
ADMM in a conveyed manner. Moreover, an improved ADMM is utilized to lessen
computational unpredictability and to accomplish online learning. The proposed calculation
can learn information individually or cluster by-clump. The assembly examination for the
fixed purpose of the arrangement is given to show the proficiency and optimality of the
proposed method. The test results show that the proposed method can get a sparse
arrangement and have solid speculation execution in a wide scope of relapse undertakings,
multiclass grouping errands, and a true modern venture.
Keywords
Online learning, alternative direction method of multipliers (ADMM),ℓ₁ regularization,
extreme learning machine (ELM), sparse output parameters.
I.

INTRODUCTION

Many machine learning methods are
primarily founded on bunch learning.
Despite the fact that clump learning shows
high example productivity, one clear
confinement is that the calculation must
relearn all information and raise high
computational cost while including new
preparing information. In true applications,
online information handling and learning
errands are basic [1], [2]. Information
gathered from dynamic frameworks are
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consecutively, and cluster learning can't be
on target to deal with these information in
each time-step. In any case, the crude
online perceptions are ordinarily spoken to
as high-dimensional highlights. At the
point when the quantity of information is
generally little, learning arrangements are
inclined to be overfitting. Therefore, the
regularization
strategies
that
can
adequately diminish the overfitting hazard
are more fundamental for online learning
than group learning. In this way, to
discover a calculation with high example
proficiency,
low
computational
multifaceted nature, and regularization for
online relapse and characterization errands
is a significant open issue [3].
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Neural system (counting profound system)
is one of the most famous worth capacity
estimate models for information relapse
and arrangement undertakings [4]. The
neural system has a solid nonlinear
estimate capacity and can outline complex
nonlinear relationship in principle [5], [6].
Be that as it may, standard neural system
preparing methods, (for example, blunder
backpropagation)
raise
the
high
computational cost and experience the ill
effects of oversensitivity to hyperparameter tuning. Then, the arrangement is
anything but difficult to be stuck at saddle
focuses in misfortune work space and the
learning execution is unforeseeable. Group
learning methods can maintain a strategic
distance from such learning issues in
offline preparing and even have lower
worldwide calculation all through all
information. In any case, when some new
information come in online preparing,
bunch learning methods can't hold a decent
speculation ability under the given
computational expense [7], [8].
Another issue is the structure of neural
systems. In every single accessible
structure, feed-forward neural system
(FFNN) is a brief and common decision
and has been applied in different fields, on
account of the convenience and the low
computational expense [9], [10]. Some
generally inquired about FFNNs contain
spiral premise work organize (RBF) [11],
[12], extreme learning machine (ELM)
[13], [14] and arbitrary vector useful
connection arrange [15], [16]. Contrasted
and different FFNNs, the ordinary ELM as
a cluster learning method has the benefits
of low runtime intricacy of preparing, solid
speculation ability, and high estimate
exactness. A significant variation, named
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as an online consecutive extreme learning
machine (OS-ELM) [17], can work in
online range learning and make ELM not
constrained to the clump learning way.
These focal points make ELM to be a
successful and handy method for
progressively
across
the
board
applications,
for
example,
picture
acknowledgment [18], [19] and flaw
finding [2], [1].
The key element of ELM is that the info
covered up layer parameters can be given
indiscriminately and need not be tuned,
and this component extraordinarily lessens
the preparation computational expense and
for the most part holds solid speculation
capacity [8], [2]–[3][4]. In the mean time,
ELM with the output loads settled by
regularized least squares has been
demonstrated to keep up the interesting
ideal fixed point [5], [6], and the
steadiness proof about the haphazardly
setting of shrouded layer parameters have
been given in [14], [15]. In any event, for
multi-layer neural systems, for example, in
profound learning considers, ELM gives
some novel favorable circumstances by
utilizing some preparation procedures [7],
[8] from profound learning.
At the point when ELM is utilized for
online learning errands, as different
methods in regulated learning, three
significant issues are raised: keeping away
from over-fitting, diminishing guess
blunders,
and
decreasing
the
computational expense. Regularization
punishment
(standard
regularization
normally) included the misfortune capacity
can decrease the basic danger of the
system by diminishing the standard of
loads to improve the speculation capacity
[9]–[3][1]. Hence, standard regularization
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can adequately maintain a strategic
distance from over-fitting issues. Two
principle standard regularization methods
are ℓ1 - standard regularization and ℓ2 standard regularization. In OS-RELM [2],
a ℓ2 - regularization is utilized in OS-ELM
to upgrade speculation capacity and to
dodge the peculiarity issue. Varying to ℓ2 regularization, limiting ℓ1 - regularization
punishment can yield a sparse arrangement
of loads to lessen computational cost and
accomplish include choice capacity [33].
Notwithstanding, the ℓ1 - standard
regularization punishment makes the
misfortune work gets not differentiable at
zero focuses. In this way, tackling online
ℓ1 - regularization streamlining is
troublesome
[4],
[5].
Numerous
researchers put forth attempts to tackle this
issue [6], [7], however the current methods
with
high
runtime
computational
multifaceted nature in each time-step are
not reasonable for online learning. Be that
as it may, some progressed raised
streamlining methods demonstrate the
possibility to take care of this issue under
the
acceptable
computational
unpredictability. The alternative direction
method of multipliers (ADMM) is a
compelling method to take care of the
raised advancement issue of combinatorial
misfortune work [8], [9] in a conveyed
calculation way. ADMM acquires the
highlights of double disintegration and
expanded Lagrange method and can even
accomplish equal registering in different
preparing [40]. There are likewise some
improved ADMM methods that can lessen
computational expense in specific errands
[5].
For online managed learning undertakings,
we proposed a calculation named online
ADMM-based ℓ1 - regularized-ELM
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(named OAL1-ELM). Thinking about the
benefits of ELM, we utilize regularized
single-covered up layer ELM as the
learning model in this paper. The
parameters of the concealed layer are
instated arbitrarily and fixed all through
the preparation procedure. In each timestep, when another example comes, the
prompt arrangement of the online ℓ1 regularized combinatorial misfortune work
is refreshed by the improved ADMM that
we proposed. OAL1-ELM guarantees just
O(n2)
per-step-time
computational
multifaceted nature, where n is the element
of
highlights.
The
combination
examination and the test results show the
strength and viability in learning and
highlight choice.
II.

RELATED WORK

Neural system (counting profound system)
is one of the most well known worth
capacity estimate models for information
relapse and order undertakings. Neural
system has a solid nonlinear estimation
capacity and can outline complex
nonlinear relationship in principle. Be that
as it may, standard neural system
preparing methods, (for example, blunder
back spread) raise high computational cost
and experience the ill effects of
oversensitivity to hyper-parameter tuning.
In the mean time, the arrangement is
anything but difficult to be stuck at saddle
focuses in misfortune work space and the
learning execution is unforeseeable. Bunch
learning methods can stay away from such
learning issues in offiine preparing and
even have a lower worldwide calculation
all through all information. Nonetheless,
when some new information come in
online preparing, group learning methods
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can't hold a decent speculation ability
under the given computational expense.
Another issue is the structure of neural
systems. In every single accessible
structure, feed forward neural system
(FFNN) is a compact and regular decision,
and has been applied in different fields, as
a result of the convenience and the low
computational expense
Bunch to Transductive Online Learning
where named models are thought to be
drawn
autonomously
from
some
dispersion, and the more troublesome
online setting, where marked models show
up in a subjective grouping. In addition,
there are basic methodology that convert
any online learning calculation to a
similarly
decent
cluster
learning
calculation [8]. This paper gives a
technique going the other way. It is notable
that the online setting is carefully harder
than the cluster setting, in any event, for
the basic one-dimensioanl class of edge
works on the span [0; 1]. Subsequently, we
consider the online transductive model of
Ben-David, Kushilevitz, and Mansour [2].
In this model, a discretionary however
obscure arrangement of n models (x1; y1);
: ; (xn; yn) 2 X £f¡1; 1g is fixed ahead of
time, for some occasion space X. The
arrangement of unlabeled models is then
introduced to the student, § = fxij1 • I • ng.
The models are then uncovered, in an
online way, to the student, for I = 1; 2; : ;
n. The student watches model xi
(alongside all past marked models (x1;
y1); : ; (xi¡1; yi¡1) and the unlabeled
model set §) and must foresee yi. The
genuine mark yi is then uncovered to the
student. After this happens, the student
looks at its number of missteps to the base
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number of slip-ups of any of an objective
class F of capacities f : X ! f¡1; 1g, (for
example, straight edge capacities). Note
that our outcomes are in this kind of
rationalist model [7], where we consider
self-assertive marks, in contrast to the
feasible setting, i.e., silent or PAC models,
where it is accepted that the names are
predictable with some f 2 F.
Dynamic Feature Scaling for Online
Learning of Binary Classifiers
Machine learning calculations require train
and test occasions to be spoken to utilizing
a lot of highlights. For instance, in
administered report grouping [9], a record
is often spoken to as a vector of its words
and the estimation of an element is set to
the occasions the word comparing to the
element happens in that archive. Be that as
it may, various highlights possess
distinctive worth extents, and often one
must scale the element esteems before any
regulated classifier is prepared. In our case
of archive grouping, there are both
exceptionally visit words (for example
stop words) just as extremely uncommon
words. Often, the overall distinction of an
estimation of a component is more
educational than its outright worth. Along
these lines, highlight scaling has appeared
to improve execution in grouping
calculations. Regularly, include values are
scaled to a standard range in a
preprocessing step before utilizing the
scaled highlights in the resulting learning
task. In any case, this preprocessing way to
deal with include esteem scaling is
dangerous as a result of a few reasons.
To start with, often include scaling is done
in an unaided way without talking with the
marks doled out to the preparation
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occurrences. Despite the fact that this is
the main choice in solo learning
undertakings,
for
example,
report
bunching, for administered learning
errands, for example, archive arrangement,
where we do approach the name data, we
can utilize the name data additionally for
highlight
scaling.
Second,
it
is
preposterous to expect to perform
highlight scaling as a preprocessing step in
one-pass online learning setting. In onepass online learning we are permitted to
cross through the arrangement of preparing
cases just a single time. Learning from
extremely huge datasets, for example,
twitter streams or Web scale learning calls
for calculations that require just a solitary
ignore the arrangement of preparing
occasions. In such situations it is beyond
the realm of imagination to expect to scale
the element esteems already by utilizing
insights from the whole preparing set.
Third, regardless of whether we preregister scaling parameters for an element,
those qualities may get out of date in an
online learning setting in which the factual
properties of the preparation cases shift
over the time. For instance, a twitter
content stream with respect to a specific
catchphrase may change additional time
and the scaling factors registered utilizing
old information probably won't be suitable
for the new information.
Extreme Learning Machines
Machine learning and man-made reasoning
have apparently never been as basic and
critical to genuine applications as they are
in the present self-governing, huge
information period. The achievement of
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machine
learning
and
man-made
brainpower depends on the conjunction of
three vital conditions: ground-breaking
figuring situations, rich as well as
enormous information, and productive
learning procedures (calculations). The
extreme learning machine (ELM) as a
developing learning procedure gives
productive brought together answers for
summed
up
feed-forward
systems
including yet not constrained to (both
single-and multi-covered up layer) neural
systems, outspread premise work (RBF)
systems, and bit learning. ELM theories1–
4 show that shrouded neurons are
significant however can be arbitrarily
produced
and
autonomous
from
applications, and that ELMs have both all
inclusive estimation and characterization
abilities; they additionally construct an
immediate connection between various
speculations (explicitly, edge relapse,
enhancement, neural system speculation
execution ,direct framework security, and
grid hypothesis). Thus, ELMs, which can
be organically propelled, offer noteworthy
points of interest, for example, quick
learning speed, simplicity of usage, and
negligible human intercession. They hence
have solid potential as a practical
alternative method for enormous scope
processing and machine learning. This
extraordinary version of Trends and
Controversies incorporates eight unique
works that detail the further advancements
of ELMs in speculations, applications, and
equipment usage. In "Authentic Learning
with ELMs for Big Data," the creators
propose utilizing the ELM as an autoencoder for learning highlight portrayals
utilizing
solitary
qualities.
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FIG :

III.

Extreme learning machines

PROPOSED WORK

Progressed curved streamlining methods
demonstrate potential to take care of this
issue under the allowable computational
multifaceted nature. Alternative direction
method of multipliers (ADMM) is a
successful method to tackle the curved
streamlining issue of combinatorial
misfortune work in conveyed calculation
way. ADMM acquires the highlights of
double
deterioration
and
enlarged
Lagrange method and can even accomplish
equal figuring in different handling [40].
There are additionally some improved
ADMM methods that can decrease
computational expense in some specific
errands . For online managed learning
undertakings, we proposed a calculation
named
online
ADMM-based
'1rergularized-ELM (named OAL1-ELM).
Thinking about the upsides of ELM, we
utilize regularized single-covered up layer
ELM as the learning model . The
parameters of the shrouded layer are
introduced haphazardly and fixed all
through the preparation procedure. In each
time-step, when another example comes,
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the quick arrangement of the online '1regularized combinatorial misfortune work
is refreshed by the improved ADMM that
we proposed.
It is important that the proposed
calculation is to accomplish the output
parameters refreshed in online the
arbitrarily chose or pre-tuned shrouded
parameters are received
ONLINE
ADMM-BASED
REGULARIZATION-ELM

L1-

In this segment, an online '1-regularizedELM learning calculation is proposed for
understanding relapse and multivariate
order undertakings. An improved ADMM
for
limiting
online
'1-standard
regularization combinatorial misfortune
capacity and decreasing computational
unpredictability is determined.
A. L1-Regularized-ELM
The fundamental goodness of ℓ1 regularization on weight parameters is that
a few components of arrangement are will
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in general be zeros. This method is called
sparsification. The misfortune capacity of
ℓ1 - regularized-ELM issue can be figured
as
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for iteration t=1,… , N do
Compute Fk as in (21).
Compute Q(k) as in (23).
Update xk,zk,μk as in (24).
end for

minβ12∥Hβ−y∥22+λ∥β∥1(1)
return β∗=zN .
where H (include framework) is the output
of concealed layer, β is the output loads
between shrouded layer and output layer, y
is the objective output vector, and the
scaler
hyper-parameter
λ
is
a
regularization parameter that loads the
regularization impact, where λ>0 holds.
The ideal output loads can be
communicated as
β∗=argminβ{12∥Hβ−y∥22+λ∥β∥1}(2)
It tends to be seen that the misfortune work
in (11) is a mix of a mean square blunder
(MSE) and a ℓ1 - regularization
punishment weighted by λ . Since the term
λ||β||1 is non-differentiable in zero point,
comprehending (12) by ordinary methods
is troublesome.
B.
Online
ADMM-Based
Regularized-ELM

L1-

It is significant that the proposed
calculation is to accomplish the output
parameters refreshed in online learning
assignments, when the arbitrarily chose or
pre-tuned shrouded parameters are
embraced [5], [6].
Algorithm 1 Online ADMM-Based ℓ1 Regularized-ELM
Set
hyper-parameters L , a , b ,
and {λ,ρ,ε} .
Initialize x0=z0=μ0=0n , F0=0n×n , Q0=1/
εI .
Set time-step k=0 .
Compute Hk as in (5).
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In Algorithm 1 we see that the emphasis
calculations are introduced in line 6 to line
8. In each line the runtime unpredictability
is just O(n2) . Along these lines, OAL1ELM has an O(n2) multifaceted nature in
both runtime and memory in each timestep cycle.
A comparable related work to the proposed
OAL1-ELM is the generally utilized
online consecutive ELM (OS-ELM) [11].
An OS-ELM can likewise learn
information individually with O(n2)
runtime intricacy in each time-step. The
key procedure for the two calculations to
decrease computational intricacy is
utilizing the Woodbury equation (Lemma
1 in this paper). In any case, the significant
distinction is that the proposed OAL1ELM is a ℓ1 - regularized calculation both
to improve the speculation capacity and to
execute highlight determination. The
normal
OS-ELM
has
no
such
regularization work, and even an
introduction learning stage is important to
abstain from running into peculiarity issue.
OAL1-ELM
utilizes
proximal
administrator to maintain a strategic
distance from this issue. Operating system
RELM [32], as a ℓ2 - regularized
calculation, additionally has no element
choice capacity. Operating system L1ELM [35] and Sparse ELM [48] are
connected works that can produce
arrangement, yet they are still clump
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learning calculations. Along these lines,
OAL1-ELM is the principal calculation
that joins all after algorithmic highlights:
online learning, include choice, O(n2)
runtime intricacy, and no peculiarity issue.
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[3]S. Kakade and A. T. Kalai, ‘‘From
batch to transductive online learning,’’
in Proc. Adv. Neural Inf. Process.
Syst., Vancouver, BC, Canada, Dec.
2005,
pp. 611 618.

CONCLUSION
For sparse online regulated
learning assignments, online ADMM
based '1-rergularized-ELM (named OAL1ELM) calculation was proposed in this
paper. The prime enhancement issue with
the misfortune capacity of '1-regularized
squared blunder was changed as expanded
Lagrangians by double deterioration. Two
proximal administrators were utilized to
explain these double opti-mizations under
the conveyed ADMM structure. Recursive
least squares method was utilized to make
online learning accessible. In this work,
we proposed and tried the calculation just
in single-covered up layer model. Step by
step instructions to utilize OAL1-ELM to
prepare multi-covered up layer FFNNs or
even profound systems turns into a
significant examination issue. Since
OAL1-ELM can work in online learning
undertakings, we think the grouping toarrangement errands, for example, in NLP
and machine interpretation, can be settled
by OAL1-ELM. Along these lines, both
algorithmic explores and uses of OAL1ELM make up the future works.
REFERENCES
[1]D. Bollegala, ‘‘Dynamic feature
scaling for online learning of binary
classi ers,’’ Knowl. Based Syst., vol.
129, pp. 97 105, Aug. 2017.
[2]D. Li, N. Meng, and Q. Jin,
‘‘Application of hybrid prediction
model for dry point soft sensing of
aviation kerosene,’’ in Proc. World
Congr. Intell. Control Automat.,
Shenyang, China, Jun./Jul. 2014, pp.
1842 1847.

Volume XII, Issue VI, 2020

[4]M. A. Norouzian and S. Asadpour,
‘‘Prediction of feed abrasive value by
arti cial neural networks and multiple
linear regression,’’ Neural Comput.
Appl., vol. 21, no. 5, pp. 905 909, Jul.
2012.
[5]D. Li, Y. Wang, T. Song, and Q. Jin,
‘‘An adaptive policy evaluation
network based on recursive least
squares temporal difference with
gradient correction,’’ IEEE Access,
vol. 6, pp. 7515 7525, 2018.
[6]V. Mnih et al., ‘‘Human-level control
through deep reinforcement learning,’’ Nature, vol. 518, pp. 529 533,
Feb. 2015.
[7]L. Zhao and Y. Jia, ‘‘Neural networkbased adaptive consensus tracking
control for multi-agent systems under
actuator faults,’’ Int. J. Syst. Sci., vol.
47, no. 8, pp. 1931 1942, Jun. 2016.
[8]Y. Zhao, G. Wang, Y. Yin, Y. Li, and
Z. Wang, ‘‘Improving ELM-based
microarray data classi cation by diversi
ed sequence features selection,’’
Neural Comput. Appl., vol. 27, no. 1,
pp. 155 166, Jan. 2016.
[9]T. Minemoto, T. Isokawa, H.
Nishimura, and N. Matsui, ‘‘Feed forward neural network with random
quaternionic
neurons,’’
Signal
Process., vol. 136, pp. 59 68, Jul.
2017.
[10] R. Asadi, M. Asadi, and S. A.
Kareem, ‘‘An ef cient semisupervised
feed-forward
neural
network

Page No: 863

Journal of Xi'an University of Architecture & Technology

clustering,’’ Artif. Intell. Eng. Des.
Anal. Manuf., vol. 30, no. 1, pp. 1 15,
Dec. 2014.
[11] S. Seshagiri and H. K. Khalil,
‘‘Output feedback control of nonlinear
systems using RBF neural networks,’’
IEEE Trans. Neural Netw., vol. 11, no.
1, pp. 69 79, Jan. 2000.
[12] M. J. Er, S. Wu, J. Lu, and H. L.
Toh, ‘‘Face recognition with radial
basis
function
(RBF)
neural
networks,’’ IEEE Trans. Neural Netw.,
vol. 13, no. 3,
pp. 697 710, May 2002.
[13] L. Xu, A. Krzyzak, and E. Oja,
‘‘Rival penalized competitive learning
for clustering analysis, RBF net, and
curve detection,’’ IEEE Trans. Neural
Netw., vol. 4, no. 4, pp. 636 649, Jul.
1993.
[14] G.-B. Huang, Q.-Y. Zhu, and C.-K.
Siew, ‘‘Extreme learning machine:
Theory
and
applications,’’
Neurocomputing, vol. 70, nos. 1 3,
pp. 489 501, 2006.

ISSN No : 1006-7930

[18] H. Li, H. Zhao, and H. Li,
‘‘Neural-response-based
extreme
learning machine for image classi
cation,’’ IEEE Trans. Neural Netw.
Learn. Sys., vol. 30, no. 2, pp. 539 552,
Feb. 2019.
[19] K. Rujirakul and C. So-In,
‘‘Histogram equalized deep PCA with
ELM classi cation for expressive face
recognition,’’ in Proc. Int. Workshop
Adv. Image Technol. (IWAIT), Chiang
Mai, Thailand, Jan. 2018, pp. 1 4.
[20] K. Yan, Z. Ji, H. Lu, J. Huang, W.
Shen, and Y. Xue, ‘‘Fast and accurate
classi cation of time series data using
extended ELM: Application in fault
diagnosis of air handling units,’’ IEEE
Trans. Syst., Man, Cybern., Syst., to be
published.
[21] Z.-X. Yang, X.-B. Wang, and P. K.
Wong, ‘‘Single and simultaneous fault
diagnosis with application to a
multistage gearbox: A versatile dualELM network approach,’’ IEEE Trans.
Ind. Informat., vol. 14, no. 12,
pp. 5245 5255, Dec. 2018.

[15] Y.-H. Pao, G.-H. Park, and D. J.
Sobajic, ‘‘Learning and generalization
characteristics of the random vector
functional-link net,’’ Neurocomputing,
vol. 6, no. 2, pp. 163 180, 1994.
[16] S. Scardapane and D. Wang,
‘‘Randomness in neural networks: An
overview,’’ Wiley Interdiscipl. Rev.
Data Mining Knowl. Discovery, vol. 7,
no. 2, p. e1200, Mar. 2017.
[17] N.-Y. Liang, G.-B. Huang, P.
Saratchandran, and N. Sundararajan,
‘‘A fast and accurate online sequential
learning algorithm for feedforward networks,’’ IEEE Trans. Neural Netw.,
vol. 17, no. 6, pp. 1411 1423, Nov.
2006.

Volume XII, Issue VI, 2020

[22] S. Li, Z.-H. You, H. Guo, X. Luo,
and Z.-Q. Zhao, ‘‘Inverse-free extreme
learning machine with optimal
information updating,’’ IEEE Trans.
Cybern., vol. 46, no. 5, pp. 1229 1241,
May 2016.
[23] W. M. Czarnecki, ‘‘Weighted
Tanimoto extreme learning machine
with case study in drug discovery,’’
IEEE Comput. Intell. Mag., vol. 10, no.
3,
pp. 19 29, Aug. 2015.
[24] H. Wen, H. Fan, W. Xie, and J.
Pei, ‘‘Hybrid structure-adaptive RBFELM network classi er,’’ IEEE Access,
vol. 5, pp. 16539 16554, 2017.

Page No: 864

Journal of Xi'an University of Architecture & Technology

ISSN No : 1006-7930

[25] G.-B. Huang, L. Chen, and C.-K.
Siew, ‘‘Universal approximation using
incremental constructive feedforward
networks with random hidden nodes,’’
IEEE Trans. Neural Netw., vol. 17, no.
4, pp. 879 892, Jul. 2006.
[26] G.-B. Huang, M.-B. Li, L. Chen,
and C.-K. Siew, ‘‘Incremental extreme
learning machine with fully complex
hidden nodes,’’ Neurocomputing, vol.
71, nos. 4 6, pp. 576 583, 2008.
[27] J. Tang, C. Deng, and G.-B.
Huang, ‘‘Extreme learning machine for
multilayer perceptron,’’ IEEE Trans.
Neural Netw. Learn. Syst., vol. 27, no.
4, pp. 809 821, Apr. 2016.
[28] C. K. L. Lekamalage, K. Song, G.
Huang, D. Cui, and K. Liang, ‘‘Multi
layer multi objective extreme learning
machine,’’ in Proc. Int. Conf. Image
Process. (ICIP), Beijing, China, Sep.
2017, pp. 1297 1301.
[29] X. Luo, X. X. Chang, and X. Ban,
‘‘Extreme learning machine for regression and classi cation using L1-norm
and L2-Norm,’’ in Proc. ELM,
Singapore, vol. 1, Dec. 2014, pp. 293
300.
[30] S. Balasundaram, D. Gupta, and N.
Kapil, ‘‘1-norm extreme learn-ing
machine for regression and multiclass
classi cation using Newton method,’’
Neurocomputing, vol. 128, pp. 4 14,
Mar. 2014.

Volume XII, Issue VI, 2020

Page No: 865

