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ABSTRACT
Extreme learning machine (ELM) has recently attracted many researchers’ interest due to its very fast learning speed, and ease of
implementation. Its many applications, such as regression, binary and multiclass classification, acquired better results. However,
when some attributes of the dataset have been lost, this fixed network structure will be less than satisfactory. This article suggests
a Scalable Real-Time Attributes Responsive Extreme Learning Machine (Star-ELM), which can grow its appropriate structure
with nodes autonomous coevolution based on the different dataset. Its hidden nodes can be merged to more effectively adjust
structure and weight. In the experiments of classical datasets we compare with other relevant variants of ELM, Star-ELMmakes
better performance on classification learning with loss of dataset attributes in some situations.

© 2020 The Authors. Published by Atlantis Press B.V.
This is an open access article distributed under the CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/).

1. INTRODUCTION

Extreme learning machine (ELM) [1] is derived from the single-
hidden-layer feed-forward neural network (SLFN) design, pro-
posed by Huang et al. In this algorithm, the input weights and
biases of the hidden layer are randomly generated and need not
be adjusted. Unlike the other training algorithms, such as neural
networks (NNs), support vector machine (SVM), the ELM’s main
advantages is low complexity, fast learning speed and better gener-
alization. ELM is an effective solution for excellent learning accu-
racy and speed in many applications, such as language recognition
[2], image classification [3], hardware acceleration [4], disease pre-
diction [5] and classification of time series [6].

Recently, ELM has been extensively studied, and its structure has
also been improved. In general, there are two commonmethods for
constructing a SLFN. One is the pruning-oriented, and the other is
based on the thinking of constructing. To the generalization abil-
ity of NN, pruned-extreme learning machine(P-ELM) [7] and opti-
mally pruned-extreme learning machine(OP-ELM) [8] use prune
means in the model and get a satisfactory result, while incremental
extreme learning machine (I-ELM) [9], error minimized extreme
learning machine (EM-ELM) [10] and constructive hidden nodes
selection for ELM (CS-ELM) [11] explore incremental construc-
tive feed-forward networks with randomhidden nodes tominimize
their error. These two improvements are based on the single-layer
NN.

The ELM is still a shallow architecture, its focus on classification
and prediction. However, feature learning and testing accuracy
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on big data are still problems in some practical applications.
Inspired by the deep learning (DL) [12], multi-layer extreme
learning machine (ML-ELM) [13], hierarchical extreme learning
machine(H-ELM) [14] and stacked extreme learning machines(S-
ELMs) [15] were developed to solve this issue. For example, S-ELMs
divides a single large ELM network into multiple stacked small
ELMs. It uses the principal component analysis (PCA) [16] dimen-
sionality reduction method to check the number of hidden nodes
in each small ELMs, retaining important nodes from the previous
layer andmerging with new randomly generated nodes as the input
nodes of the next layer.

However, the aforementioned works still face some issues. In the
existing immutable structure of the ELM, it will not be as good as
solving some problems in reality. For example, in some situations,
the dataset may be missing some attributes, or the number of sam-
ples in each category in the dataset may be unbalanced. If a fixed
network structure is still used to solve such problems, its classifica-
tion accuracy is difficult to achieve practicality.

In order to improve the effective learning in the condition of the lack
of dataset attributes, this paper proposed a network, named Scal-
able Real-Time Attributes Responsive Extreme Learning Machine
(Star-ELM). It can select the appropriate structure with nodes
autonomous coevolution according to the different datasets. The
nodes of the hidden layer can be merged to more effectively adjust
structure and weight.

This paper is organized as follows: Section 2 describes the basics of
ELM and its concept of principal components. In Sections 3, the
details of proposed Star-ELM are presented. Section 4 checks the
performance of Star-ELM on different data sets, and compares it
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with ELM and S-ELMs when the attributes of the dataset are miss-
ing. Section 5 concludes this article and suggests a future work.

2. RELATED WORK

2.1. Extreme Learning Machine

ELM is a simple and effective algorithm for training. The SLFN [17]
proposed byHuang et al. in 2004. ELM randomly generatedweights
and bias of hidden layer node, calculating the weights of the output
layer. Huang proved that ELM has uniform approximation ability
as SLFN. There are Q samples (xi, ti), where xi ∈ ℝn means input
and ti ∈ ℝm means target, respectively.

The number of nodes in the input layer and output layer is deter-
mined by n and m, respectively. The number of its hidden layer
node L is given by manmade. In an ELM, its input layer to the hid-
den layer is a randommapping, whichmaps the training set of sam-
ples from the original space to a feature space. The dimension of
feature space is determined by the number L of hidden layer nodes.
In general, the dimension of the feature space is higher than that of
the original space. Compared with other SLFN training modes, the
advantage of ELM does not need to adjust the weight parameters
and has a very fast learning speed and a very good generalization
ability.

The training process can be expressed as

ti = 𝛽g(Wxi + b). (1)

It can be converted to H𝛽 = T, where

H = [
g(w1x1 + b1) ⋯ g(wLx1 + bL)

⋮ ⋱ ⋮
g(w1xQ + b1) ⋯ g(wLxQ + bL)

] (2)

represents the hidden layer output matrix of ELM. Huang proves
that if the activation function is infinite differentiable, theW and b
do not need to be adjusted.We only need to solve the output weight
matrix 𝛽, which can meet the target output with a minimum error
approximation. The solution of 𝛽 generally expressed as

𝛽 = H†T, (3)

where H† is the pseudo inverse (Moore–Penrose) of the hidden
layer output matrix H. The structure of the ELM is illustrated in
Figure 1.

Figure 1 Extreme learning machine (ELM) structure.

2.2. S-ELMs

The S-ELMs divides a single large ELM network into multiple
stacked small ELMs. S-ELMs can use small memory to approximate
very large ELM network requirements. The main idea is to keep
the size of the entire network fixed. They choose the top few sig-
nificant nodes using their output weights’ eigenvalues, and reduce
the nodes by multiplying the corresponding eigenvectors. This can
be done by performing PCA dimension reduction on the output
weights calculated in each small ELM. In PCA process, the top L′
eigenvectors generated based on the corresponding eigenvalues can
be recorded as Ṽ ∈ ℝL×L′. Compared to ELM, S-ELMs can achieve
better results, with higher test accuracy, smaller network size, and
faster speed, but there is still room for improvement in time com-
plexity and robustness. Through the above description, the steps of
the S-ELMs algorithm are summarized as follows:

Step 1: Randomly generate hidden layer parameters input weight w
and threshold b, and then calculate hidden layer output matrixH as
Equation (2). 𝛽 is calculated by

𝛽 =
(
I
𝜆 +HTH

)−1
HTT, (4)

where 𝜆 is the regularization coefficient.

Step 2: Use the PCA to reduce the dimension of 𝛽 from L, the num-
ber of hidden layer, to L′ by Ṽ ∈ ℝL×L′.

Step 3: Repeat the following steps until the S layer:

i. randomly generate (L − L′) hidden layer nodes and calculate
the correlation matrix Hnew;

ii. combine important nodes H′

H′ = HṼ; (5)

iii. hidden layer output matrix: H = [H′,Hnew];
iv. repeat calculate 𝛽 and step 2.

Step 4: The output of last layer of the S-ELMs network is Fout = H𝛽.

3. PROPOSED STAR-ELM

3.1. Selection of Hidden Layer Parameters

One of the main features of the ELM is to randomly generate the
values of hidden layer parameters, but the disadvantage is that the
accuracy of the networkmodel in the application process cannot be
guaranteed, and it needs to be adjusted manually, which is a very
cumbersome and time-consuming process.

For this reason, Star-ELM has improved in the parameter selection
process of the hidden layer. The parameter selection does not need
to be adjustedmanually, which greatly improves the accuracy of the
prediction model.

Themain idea is to add a loop program into the traditional ELM. By
customizing the number of loops n, the model randomly generates
model parameters W and b, and the execution process is looped n
times. The network will automatically pick out the set of network
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parameters with the highest prediction accuracy from the n cycles.
The weights and bias in hidden layer are the most suitable parame-
ters for the network in n cycles. The main method of implementa-
tion is to first define four zero matricesw[], b[], train[] and test[] to
store thematrix of the inputweights, bias, training accuracy and test
accuracy, respectively. Finally, W and b are obtained which makes
the test accuracy the highest.

3.2. Node Sensitivity

This section describes the definition of node sensitivity in the Star-
ELM, which is mainly referred to as the sensitivity to the weight
value. In other words, we use quantization to calculate the effect of
the output due to changes in the model parameters. That is to say,
if the change of a parameter has a large impact on the output, the
parameter is sensitive. On the contrary, it indicates that the param-
eter has little influence on the network structure. You can consider
deleting it to make the network structure more streamlined. The
calculation method of sensitivity is specifically described below.

There are Q different samples (xi, ti), where xi ∈ ℝn is input and
ti ∈ ℝm is target. The number of hidden layer nodes is given by L,
and the activation function is g(x). Then it can be expressed as

f(xi) =
L

∑
j=1
𝛽jg(wjxi + bj), (6)

where wj = (wj1,wj2, … ,wjn)T represents the weight of the input
layer to the j-th hidden layer node, bj is the corresponding bias
value, 𝛽j is the output weight vector connected to the j-th hidden
layer node and output node and f(xi) ∈ ℝm is the output corre-
sponding to the i-th training sample.

We can define

kji = gj(x) = g(wjxi + bj), (7)

where i = 1, 2, … ,Q and j = 1, 2, … , L. Based on Equation (7), we
can get

f(xi) =
L

∑
j=1

kji𝛽j. (8)

Without loss of generality, suppose we delete the hidden layer node
j = 𝜆, then we can get f′(xi), that is to say

∥ f (xi) − f′ (xi) ∥=∥ k𝜆i𝛽𝜆 ∥= |k𝜆i|⋅ ∥ 𝛽𝜆 ∥ . (9)

A larger ∥ f(xi) − f′(xi) ∥ indicates that the 𝜆-th node has a greater
influence on f(xi), that is, it’s more important, otherwise this node
is less important. Based on this, we define the sensitivity of the 𝜆-th
node in hidden layer as

S𝜆 =
1
Q

Q

∑
i=1

|k𝜆i|⋅ ∥ 𝛽𝜆 ∥ , (10)

where Q is the number of samples in the training set, k𝜆i is the out-
put of the 𝜆-th hidden node for the i-th sample and 𝛽𝜆 is the rele-
vant output weight. S𝜆 represents the influence of 𝜆-th hidden node
on the samples in all training sets, so it is obvious that the larger S𝜆

indicates that the 𝜆-th hidden node is more important to the net-
work model. We can sort S based on the sensitivity of the hidden
layer nodes as

S1′ ⩾ S2′ ⩾ S3′ ⩾ ⋯ ⩾ SL′ (11)

where S1′ represents the most sensitive node. After we sort the
nodes in the order of their sensitivity, the hidden nodes will be
selected and processed.

3.3. Hidden Layer Node Merge Operation

The calculation method of node sensitivity is described in detail in
the previous section. In this section, the combination of nodes and
layer generation between the layers is introduced for a Star-ELM.
First, starting from a simple ELM network with L hidden nodes,
the output matrix of the first hidden layer is recorded as H1, and
the corresponding output weight is recorded as 𝛽1. Then, the sen-
sitivity value S of each node is calculated by sensitivity definition as
Equation (10).

The nodes in the hidden layer of the network structure are merged
in pairs. We chose two adjacent nodes for comparison, because the
algorithm is easier to understand and implement in this way. The
merge process is based on the sensitivity of the nodes, and the nodes
with high sensitivity will be retained, as

Sp = max{S2p−1, S2p}, (12)

where p = 1,2,…, L2 . For example, we have hidden layer nodes
n1, n2⋯ , n8, and we calculate and sort the sensitivities of them:
S2 > S5 > S6 > S3 > S1 > S4 > S8 > S7. Then begin to merge
nodes.When p = 1we choose noden2 for S2 > S1, p = 2we choose
node n3 for S3 > S4, and so on. Finally we choose n2, n3, n5, n8
for the second hidden layer, but not the most sensitive four nodes.
By this way we can weigh the impact of these attributes in a more
balanced way. When some attributes of the sample are lost, or the
samples are not balanced. The remaining nodes in the hidden layer,
which can participate in the next layer of network operations, is half
of the nodes in the initial hidden layer. The new hidden layer out-
put matrix H1′ becomes

H1′ = [
h(x1)
⋮

h(xN)
]

= [
h1(x1) ⋯ hp(x1)
⋮ ⋱ ⋮

h1(xN) ⋯ hp(xN)
] ,

(13)

where N is the number of training set.

In order to ensure the consistency of the number of hidden layer
nodes in the second layer and the first layer, the remaining L − p
hidden nodes in the second hidden layer will be randomly gener-
ated. The newly generated hidden nodes is

H2new = [
h2new (x1)

⋮
h2new (xN)

]

= [
h1(x1) ⋯ hL−p(x1)
⋮ ⋱ ⋮

h1(xN) ⋯ hL−p(xN)
] .

(14)
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Figure 2 Scalable Real-Time Attributes Responsive Extreme
Learning Machine (Star-ELM) structure.

The second hidden layer in Star-ELM formed after the
combination is

H2 = [H1′,H2new ], (15)

and the combination process of nodes in hidden layer is illustrated
in Figure 2. It is worth noting that the index of x and f(x) in the
figure refers to the number of their dimensions, which is different
from the number of the samples used above.

After the nodes in the first hidden layer have been subjected to the
calculation of the sensitivity level, the adjacent nodes are merged
in pairs, and relatively important nodes were retained during the
merge process, thereby discarding a part of the redundant nodes.

After obtaining nodes that can represent important information
of the layer, some new nodes are randomly generated, and the
two types of nodes will merge into nodes of the second hidden
layer. Through the integration of important nodes in the first layer,
the network structure can better adapt to the changes in different
datasets. Especially when some attributes in the dataset are lost or
face unbalanced datasets, the network structure has better adapt-
ability than traditional network structures.

It is worth noting that, unlike themethod of globally selecting nodes
based on importance, such as S-ELMs based on PCA operation, the
method proposed in this article is a local selection based on impor-
tance. When some attributes of the sample are lost, or the sam-
ples are not balanced, this method can weigh the impact of these
attributes in a more balanced way, rather than discarding all unim-
portant nodes.

3.4. Star-ELM

According to the above improvements on the selection of hid-
den layer parameters, node sensitivity definition and description
of hidden layer node merging, this section gives detailed steps of
Star-ELM.

Given a training dataset with Q different samples (xi, ti), where
xi ∈ ℝn is the input and ti ∈ ℝm is the target. We use the
activation function g(x) so that Star-ELM can approximate any
continuous function [18]. Number of nodes in hidden layer is L,

regularization coefficient is 𝜆, the hidden layer output matrix is H
and the output layer weight matrix is 𝛽.

1. The initial weights wj and bias bj are randomly generated, and
then an initial ELMoperation is performed to calculate the pre-
diction accuracy. Repeat prediction n times according to the
set number of loops. According to the prediction accuracy 𝛾,
select best the input weight wj and the bias node bj;

2. The parameterswj and bj with the highest prediction precision
selected in the previous step are placed in

kji = g(wjxi + bj); (16)

3. Calculate all kji and combine them into a hidden layer output
matrix H;

4. Solving the weight 𝛽1 between the hidden layer and the output
layer by H as

𝛽1 =
(
I
𝜆 +HTH

)−1
HTT; (17)

5. Calculating the sensitivity value S of each node in the first hid-
den layer node by

S𝜆 =
1
Q

Q

∑
i=1

|k𝜆i|⋅ ∥ 𝛽𝜆 ∥; (18)

6. Obtain the nodes’ sensitivities and combine the nodes in pairs
as

Sp = max{S2p−1, S2p}, (19)

where p= 1,2,…, L2 ;
7. After the nodes are merged, a new output matrix H1′ is

obtained, and new remaining nodes matrix H2new is randomly
generated. Merge two matrices as

H2 = [H1′,H2new]; (20)

8. Solving the weight 𝛽2 based on Equation (17), and then calcu-
late the output value of the NN by the second layer output H2
and 𝛽2 as

Fout = H2𝛽2. (21)

It can be seen from the above description of the principle and
steps of the Star-ELM algorithm that the hidden layer nodes in the
improved algorithm can be adjusted, and the parameters involved
in the operation in the first hidden layer are most suitable for the
network structure. In order to prove that the algorithm has bet-
ter performance than the traditional ELM, in the next section, the
classic dataset is selected to verify the validity of the algorithm
classification.

The algorithm for Star-ELM is summarized in Table 1.
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Table 1 Star-ELM algorithm.

Algorithm 1: Pseudo code for Star-ELM

Input: Q, g(x), L, x
Output: Fout
1: Initial weights wi and bias bi;
2: Multiple runs to select best wi and bi;
3: Calculate kji

kji = g(wjxi + bj);
4: Combine hidden layer output matrix H;
5: Solving output weight matrix

𝛽1 =
(

I
𝜆 +HTH

)−1
HTT;

6: Calculate node sensitivity
S𝜆 =

1
Q
∑Q

i=1 |k𝜆i| ∥ 𝛽𝜆 ∥;
7: Merge sensitivity coefficients in pairs

Sp = max{S2p−1, S2p};
8: Obtain a new output matrix H1′;
9: Randomly generate new nodes H2new;
10: Merge into H2 = [H1′,H2new];
11: Calculate output value

Fout = H2𝛽2
Return Fout
Star-ELM, Scalable Real-Time Attributes Responsive Extreme Learning Machine.

Table 2 Performance of different algorithms.

Dataset Algorithm Train Accuracy
(%)

Test Accuracy
(%)

Time (s)

MNIST ELM 85.23 80.12 3.2313
S-ELMs 86.71 87.77 4.7390
Star-ELM 80.07 81.29 11.324

NORB ELM 80.39 78.13 8.1256
S-ELMs 80.01 79.86 3.0075
Star-ELM 86.90 84.05 10.321

USPS ELM 89.08 73.14 2.3906
S-ELMs 94.02 89.88 5.2851
Star-ELM 95.20 92.99 12.234

ELM, extreme learningmachine; Star-ELM, scalable real-time attributes responsive extreme
learning machine; S-ELM, stacked extreme learning machine.

4. EXPERIMENTS

4.1. Datasets

This section will check the performance of proposed Star-ELM
and ELM, S-ELMs on three datasets: Modified National Institute of
Standards and Technology database(MNIST), NYU Object Recog-
nition Benchmark(NORB) and US Postal(USPS) data.

The MNIST [19] database of handwritten digits is a popular
database for many researchers to do different machine learning
algorithms. It consists of 60000 training samples and 10000 test-
ing samples, each sample have 784 features. Many methods have
been tested on this dataset including many other classification
algorithms.

TheNORB [20] dataset is for experiments in 3-D object recognition
from shape. It contains 23000 training samples and 23000 testing
samples with 2048 features.

The USPS [21] dataset refers to numeric data obtained from
the scanning of handwritten digits from envelopes by the U.S.

Postal Service. It contains 7291 training instances and 2007 testing
instances with 256 features.

4.2. Experimental Environment

The simulations are carried out in theMATLAB2016a environment
running on an Intel(R) i5–3210Mcomputerwith 2.50GHz and 4GB
RAM.

4.3. Mode of Evaluation

To evaluate the performance of a classification algorithm, it is usu-
ally judged from two aspects: the time spent in the work and the
accuracy of the classification accuracy. In dealing with classifica-
tion problems, the most important issue of concern is the accuracy
of classification. The classification ability of the model is obtained
by calculating and recording the test accuracy. In this experiment,
the performance of the algorithmwas evaluated by the test accuracy
and training time of the classification results.

In this experiment, the traditional ELM method uses 500 hidden
layer nodes, S-ELMs uses two hidden layers, each hidden layer has
200 nodes. Proposed Star-ELM takes n = 50 and two hidden layers,
each has 200 nodes. All the above methods use Sigmoid activation
functions. Each algorithm is trained 50 times, aaverage the results
and two decimal places are retained.

4.4. Results

The training, test accuracy(%) and training time (s) of different
algorithms on each dataset are shown in Table 2. The results of the
classification of the three datasets using ELM, S-ELMs and Star-
ELM are listed in the table, respectively.

As shown in the Table 2, from the perspective of test accuracy, the
Star-ELM algorithm has significantly higher test accuracy on the
NORB and USPS datasets than the S-ELMs and ELM algorithms.
Based on the MNIST dataset, the experimental results of Star-ELM
have no advantage over S-ELMs, but significantly exceed the tradi-
tional ELM.

From the perspective of training time, the traditional ELM algo-
rithm has the shortest training time and the Star-ELM algorithm
has the longest time, mainly because Star-ELM cycles for 50 times
to find the best weightw and bias b. However, the training time dif-
ference of the algorithms is at the second level, which is acceptable.
And Star-ELM’s test accuracy on the NORB and USPS datasets is
significantly better than the other two algorithms. It can be seen
that Star-ELM can automatically adjust to obtain higher accuracy
during the training process without manual intervention.

4.5. Scalable Attributes Experiment

Under the complete conditions of the dataset, the advantages of
Star-ELM are not well reflected, and now proceed to the next exper-
iment. The main advantage of the Star-ELM algorithm is that the
network structure can be reconstructed according to the size of
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the dataset, and it has better adaptability to different datasets. In
this experiment, by continuously reducing the attribute values of
the dataset, observe the changes in the test accuracy of different
algorithms.

The first is the MNIST dataset. As shown in Table 3, the initial
dataset contains 784 features, and its attribute value is gradually
decremented from 784 to 12. The trend of the test accuracy(%)
under different algorithms is observed by the change of the number
of eigenvalues, as shown in Figure 3.

When the number of features in theMNIST dataset is reduced from
784 to 49, the test accuracy of the ELM is reduced from the high-
est precision of 80.12% to 53.72%. The accuracy of S-ELMs was
reduced from 87.77% to 72.60%, while the accuracy of Star-ELM
was only reduced from 81.29% to 77.00%. The decline rates of the
three algorithms on the MNIST dataset are 32.95%, 17.28% and
5.28%. It can be seen that when the feature attribute is lost on the
MNIST dataset, the Star-ELM can make a better adjustment of the
network structure to slow down the rate of test accuracy.

Next, similar experiments were performed on the USPS dataset and
the NORB dataset. As shown in Table 4 and Figure 4, when the
number of features in the USPS dataset is reduced from 256 to 8,
the test accuracy degradation rates of the three algorithms ELM,
S-ELMs and Star-ELM are 18.56%, 51.97%, 17.75%, respectively.
Among them, Star-ELM still has the lowest rate of decline on the
USPS dataset, and the test accuracy is the highest when the dataset
is complete. Besides, Star-ELM has also improved the classification
accuracy of the dataset.

Finally, the experiment was carried out on the NORB dataset, and
the number of attribute features was gradually reduced from 2048

Table 3 Scalable attributes on MNIST dataset test.

Attributes ELM-Acc (%) S-ELMs-Acc (%) Star-ELM-Acc
(%)

784 80.12 87.77 81.29
392 80.00 80.14 80.00
196 72.10 80.09 79.02
98 63.04 80.05 78.11
49 53.72 72.60 77.00
25 43.42 60.24 74.74
12 40.10 54.05 71.33
ELM, extreme learningmachine; Star-ELM, scalable real-time attributes responsive extreme
learning machine; S-ELM, stacked extreme learning machine.

Figure 3 Accuracy changes for MNIST dataset test.

to 32. The performance of three different algorithms on the NORB
dataset is shown in Table 5 and Figure 5.

When the number of features in the NORB data set is reduced from
2048 to 32, the test accuracy degradation rates of the three algo-
rithms ELM, S-ELMs and Star-ELM are 70.98%, 65.69%, 15.03%.
The rate of decline of ELM on the NORB dataset is still the lowest,

Table 4 Scalable attributes on USPS dataset test.

Attributes ELM-Acc (%) S-ELMs-Acc (%) Star-ELM-Acc
(%)

256 73.94 89.98 89.99
128 72.10 80.09 79.83
64 66.75 80.05 78.42
32 63.33 55.77 77.23
8 60.22 43.21 74.01
ELM, extreme learningmachine; Star-ELM, scalable real-time attributes responsive extreme
learning machine; S-ELM, stacked extreme learning machine.

Figure 4 Accuracy changes for USPS dataset test.

Table 5 Scalable attributes on NORB dataset test.

Attributes ELM S-ELMs Star-ELM

2048 73.14 89.98 85.89
1024 70.12 80.14 80.00
512 60.21 77.21 79.00
256 59.22 67.22 76.88
64 30.22 49.21 77.23
32 21.22 30.87 72.98
ELM, extreme learningmachine; Star-ELM, scalable real-time attributes responsive extreme
learning machine; S-ELM, stacked extreme learning machine.

Figure 5 Accuracy changes for NORB dataset test.
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and the accuracy of the Star-ELM algorithm is higher than that of
the traditional ELM algorithm when the dataset is complete.

The main reason to get better results than ELM is that the network
structure of the ELM is fixed, and it cannot be reasonably adjusted
as the dataset changes. For S-ELMs, unlike the method of globally
selecting nodes based on importance, used by S-ELMs, the method
proposed in this article is a local selection based on importance.
When some attributes of the dataset are lost, or the samples are
not balanced, this method can weigh the impact of these attributes
in a more balanced way, rather than discarding all unimportant
nodes. Therefore, Star-ELM works better when some attributes of
the dataset are missing.

5. CONCLUSIONS

This paper proposes an improved ELM algorithm Star-ELM. In
order to verify that the Star-ELM can still be effectively classified
during the change of the dataset. The test accuracy of different algo-
rithms will decrease as the feature attributes are lost, but the rate of
decrease is different. With the reduction of the number of features
in the MNIST, USPS and NORB datasets, Star-ELM’s test accuracy
declines the slowest. The future work will focus on incremental net-
work, by transferring the learning ability of Star-ELM and process
the new incoming big data more effectively.
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