A Novel Method to Create Synthetic Samples with
Autoencoder Multi-layer Extreme Learning Machine
Yulin He1,2(∗) , Qihang Huang1 , Shengsheng Xu1 , Joshua Zhexue Huang1,2
1

College of Computer Science & Software Engineering, Shenzhen University, Shenzhen 518060,
China
2
National Engineering Laboratory for Big Data System Computing Technology,
Shenzhen University, Shenzhen 518060, China
yulinhe@szu.edu.cn,1900271056@email.szu.edu.cn,2070276067@email.szu.edu.cn,zx.
huang@szu.edu.cn

Abstract. The imbalanced classification is an important branch of supervised

learning and plays the important roles in many application fields. Compared
with the sophisticated improvements on classification algorithms, it is easier
to obtain the good performance by synthesizing the minority class samples
so that the classification algorithms can be trained based on the balanced
data sets. In consideration of the strong representation ability of multi-layer
extreme learning machine (MLELM), this paper proposes a new method to
create the synthetic minority class samples based on auto-encoder ML-ELM
(simplified as AE-MLELM-SynMin). Firstly, an AE-MLELM is trained to obtain the deep feature encodings of original minority class samples. Secondly,
the crossover and mutation operations are preformed on the original deep feature encodings and a number of new deep feature encodings are generated.
Thirdly, the synthetic minority class samples are created by transforming the
new deep feature encodings with AE-MLELM. Finally, the persuasive experiments are conducted to demonstrate the effectiveness of AE-MLELM-SynMin
method. The experimental results show that our method can obtain the better imbalanced classification performance than SMOTE, Borderline-SMOTE,
Random-SMOTE, and SMOTE-IPF methods.
Keywords: Imbalanced classification, minority class, synthetic samples, SMOTE,
Autoencoder MLELM
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Introduction

The imbalanced classification or imbalanced learning is an important branch
of data mining and machine learning, which has the broad applications in the
actual fields [1], e.g., defect detection, fault detection, medical diagnosis, fraud
detection. The imbalanced classification problem means that a classifier is constructed based on a labeled data set, where there are the obvious differences
among the numbers of samples belonging to different classes. For example, the
defective samples in defect detection application always account for a small
part of the total sample, while the qualified samples account for the majority.
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The traditional classification algorithms are designed for the balanced data
sets. For the imbalanced data sets, the traditional classification methods can
not effectively learn from the minority class samples. Although their classification accuracies are still relatively high for imbalanced classification problems,
the higher classification accuracies usually cannot effectively reflect the effectiveness of classification algorithms. Because for an imbalanced classification
data set, if the classification method judges all samples as normal ones, that
is to say, all the abnormal samples are also judged as normal ones, then the
final classification accuracy will be high, but such results are meaningless for
many practical applications.
At present, the studies on how to solve the imbalanced classification problems mainly focus on the algorithm-driven methods [2–6] and data-driven
methods [7, 9, 8, 10–12]. The algorithm-driven method is to construct an algorithm which places more emphasis on the minority class samples. The datadriven method is mainly to make the number of different labeled training
samples more balanced. The two simplest methods are random over-sampling
and random under-sampling. The former supplements the minority class samples by randomly selecting the minority class samples repeatedly, while the
latter randomly selects a small number of majority class samples. In most
cases, the over-sampling method is better than the under-sampling method.
This is because the under-sampling method eliminates the valuable data. In
the actual scenarios, the data are scarce and valuable, so the over-sampling
method is often a better choice. Compared with the method based on the algorithm level, the method based on the data level has the characteristics of
simple implementation and low computational complexity, so the focus of this
research is mainly on the data level method.
The classic data-level method is the synthetic minority over-sampling technology (SMOTE) [7]. SMOTE does not simply copy the samples. Its principle
is as follows. For each minority sample, a sample is randomly selected from its
k nearest neighbors and then a sample point is randomly selected on the line
of two samples. Because of SMOTE’s well imbalanced learning performances,
it attracts the widespread attention from scholars. Han et al. [8] proposed
the Borderline-SMOTE method. The main idea is to oversample the minority
class samples on the boundary between the majority class and minority class
samples. Dong et al. [9] proposed a more general Random-SMOTE method
to generate new sample points among three sample points. Compared with
the classic SMOTE method, the distribution of sample points generated by
this method is more uniform and this method can greatly improve the sparseness of sample space. Sáezet al. [10] introduced an Iterative-Partitioning Filter
(IPF) to extend the SMOTE algorithm, the SMOTE-IPF algorithm, which
overcomes the problems caused by noisy and boundary samples in imbalanced
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data sets. Lee et al. [13] proposed a Guassian-SMOTE algorithm that combined Gaussian probability distribution with SMOTE algorithm. This method
obeies Gaussian probability distribution when SMOTE method is used to create minority class samples. Douzas et al. [14] proposed the k-means-SMOTE
algorithm combining k-means and SMOTE algorithm. Based on the k-means
algorithm, the method generates more samples in the sparse area of minority
class samples than in the dense area of minority class samples.
The experimental results show that these SMOTE variants create minority
class samples to achieve better results on general classifiers. However, the comprehensive analysis shows that there are two major defects in this method. The
first defect is the inconsistency of probability distribution between the original
samples and the synthetic samples and the second defect is the lack of information amount. This is because the new sample points generated by SMOTE
method are randomly selected on the line of two minority class sample points,
which causes the new sample points generated to be too fixed and results in
insufficient information amount. Although some variants of SMOTE method
improves performance to some extent, they does not improve the two shortcomings mentioned earlier.
In this paper, we propose a synthetic minority class technology based on
auto-encoder multi-layer extreme learning machine (AE-MLELM), abbreviated as AE-MLELM-SynMin. AE-MLELM has a good representation capability. And the intermediate hidden layer is another representation of input layer
[15]. The crossover and mutation operations are conducted on the hidden-layer
output matrix and then the hidden layer is restored to get new minority class
samples. Experimental results show that our method has better performance
than SMOTE, Borderline-SMOTE, Random-SMOTE, and SMOTE-IPF. The
remainder of this paper is arranged as follows. Section 2 introduces the classic
SMOTE method and analyzes its defects. Section 3 presents the proposed AEMLELM-SynMin method in details. Section 4 shows the experimental results.
Section 5 concludes this paper.
2

SMOTE method

SMOTE is a data-driven imbalanced data classification method. It uses the
method of synthesizing minority class samples to expand the number of minority class samples until the number of samples in each class is roughly equal. Its
(k)
basic principle is described below. For each sample vn , n = 1, 2, · · · , Nmin k in
(k)
(k)
(k)
the k-th minority class data set Dmin k , its P nearest neighbors are vn1 , vn2 , · · · , vnP ,
(k)
a point vnp is randomly selected from these sample points, and the synthe(k)
sized new minority class sample is denoted as v(k) . The new sample point v̄d
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(a) Original and SMOTE data

(b) Original and AE-MLELM-SynMin data
Fig. 1. Comparison among Original, SMOTE, and AE-MLELM-SynMin data
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is calculated as the following formula.
h
i
(k)
(k)
(k)
(k)
v̄d = vnd + λ vnpd − vnd , d = 1, 2, · · · , D,
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(1)

where λ ∈ [0, 1] is a random number that obeys a uniform distribution. We
repeat the above-mentioned process many times until the enough samples are
synthesized for the k-th minority class.
The related experiments show that the SMOTE method and its variants
have good performance, but the more detailed analysis indicates that these
SMOTE-based methods have some inherent defects. SMOTE has the problem
of insufficient information amount for the synthesized new samples. In order to
explain the shortcoming of SMOTE method, we provide a legend to show the
distribution of original and synthesized samples. Fig. 1(a) shows 50 original
samples and 100 samples synthesized by SMOTE method. Fig. 1(b) shows
50 original samples and 100 samples synthesized by the AE-MLELM-SynMin
method. It can be seen from the figure that the new samples synthesized
by SMOTE are mostly distributed near the original sample points. The new
sample points synthesized by AE-MLELM-SynMin method are more scattered
and have more information amount. The experiment in Section 4 also confirms
this observation.
3

Proposed AE-MLELM-SynMin method

Due to the problems of fixed samples and insufficient information amount generated by classical SMOTE algorithm and its variants, we introduce the synthesis minority class technology based on AE-MLELM, namely AE-MLELMSynMin.
3.1

Training AE-MLELM

For the k-th minority class, an AE-MLELM, denoted as AE − MLELMk is
firstly trained. AE-MLELM is a special MLELM with the same input and
output. Its input and output expressions are shown as:


(k)
(k)
(k)
v12 · · · v1D 
 v11


 (k)

(k)
(k)
 v21

v
·
·
·
v
22
2D


(2)
Xmin k = 
.


..
..
..
...


.
.
.




(k)
(k)
(k)
vNmin k ,1 vNmin k ,2 · · · vNmin k ,D
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For MLELM, each of its hidden layers is an AE-MLELM with the same input
and output. We can then calculate the hidden-layer output matrix for each
layer. As for the calculation of the first hidden layer output matrix H1 , since
its input and output matrices are both Xmin k , the first hidden layer output
matrix H1 is obtained by the single hidden layer extreme learning machine
with both input and output nodes, then the calculation formula of H1 is

T 
,
(3)
H1 = g X β 1
where β 1 is the weight of the output layer of the first layer and g(∗) is the
activation function.
Similarly, for the i-th(i = 1, 2, · · · , n) hidden layer, its input and output
matrices are the output matrix of the hidden layer of the upper layer Hi−1 ,
and the output matrix of the hidden layer is Hi . The calculation formula of
the output matrix of the hidden layer Hi is

T 
Hi = g Hi−1 β i
,
(4)
where β i is the output-layer weight. And we derive the calculation formula of
the output matrix of the last hidden layer as

 
l T
l
l−1
H =g H
β
.
(5)
Then we calculate the output layer weight of the last hidden layer by the
following formula
†
(6)
β l+1 = Hl X,
†
where Hl is the Moore-Penrose inverse [16] of Hl . AE − MLELMk uses β l+1
to decode Xmin k .
3.2

Conducting crossover and mutation operations

After the training of AE − MLELMk is finished, the crossover and mutation
operations for the last hidden-layer output matrix Hlmin k are conducted and
l
the changed hidden-layer output matrix Hmin k is expressed as


(k)
(k)
(k)
h̄12 · · · h̄1L 
 h̄11




(k)
(k)
 h̄(k)

h̄
·
·
·
h̄
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2L
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Hmin k = 
(7)
.
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(k)

– We randomly select two lines hm and hn from Hlmin k to perform the
crossover operation. The crossover rule is shown in the following formula



(k)
(k)
(k)
(k)
h(k)
=
h
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·
·
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h
,
h
,
·
·
·
,
h
0
0
m1
m
mL
ml
m,l +1
Crossover


−→
h(k) = h(k) , · · · , h(k) , h(k) , · · · , h(k)
n1
n
nL
nl0
n,l0 +1


(k)

(k)
(k)
(k)
(k)
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where hm , hn ∈ Hmin k , and hi , hj ∈ Hmin k , and l0 is the crossover
position. In this paper, l0 can be set in the intervals [0.1L, 0.4L], [0.4L, 0.6L]
and [0.6L, 0.9L].
– For the mutation operation, the mutation location l0 is randomly selected
(k)
for ∀hm ∈ Hlmin k . The mutation operation is conducted as the following
formula:


Mutation
(k)
(k)
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where hi

(k)

(k)

∈ Hmin k , and h̄il0 = 1 − hml0 ∈ (0, 1).
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Algorithm 1 AE-MLELM-SynMin algorithm
Input The original minority class data sets Xmin 1 , Xmin 2 , · · · , Xmin K ;
Output The synthetic minority class data sets Xmin 1 , Xmin 2 , · · · , Xmin K ;
1: for k = 1; k <= K; k + + do
2:
Training AE-MLELMk :
3:
Calculating Hi for each layer according to Eq. (5);
l+1
4:
Calculating the output layer weights matrix βmin
k;
5:
Conducting crossover and mutation operations based on the last hidden-layer matrix Hlmin k ;
6:
while The number of synthetic hidden-layer output vectors does not reach N min k do
7:
Crossover operation as shown in Eq. (8);
8:
Mutation operation as shown in Eq. (9);
9:
end while
l
10:
Creating synthetic data set Xmin k based on synthetic hidden-layer output matrix Hmin k
according to Eq. (10);
11: end for

3.3

Creating synthetic samples

Finally, the minority class samples are synthesized. After obtaining the hidden
layer output matrix of the mutation, the generation formula of synthesized
minority class samples is
l

l+1
Xmin k = Hmin k βmin
k,

(10)

l

l+1
where βmin
k and Hmin k are obtained from the first and second steps of the
algorithm. Algorithm 1 gives the pseudo-code of AE-MLELM-SynMin. For
each of minority classes, the above-mentioned steps are repeated until the
sufficient samples are synthesized.

4

Experiments

In this section, we mainly use two experiments to verify the feasibility and
effectiveness of the AE-MLELM-SynMin algorithm. These two experiments
involve the comparative analysis of information amounts between SMOTE and
AE-MLELM-SynMin data and the comparison among SMOTE [7], BorderlineSMOTE [8], Random-SMOTE [9] and SMOTE-IPF [10] algorithms based on
decision tree classifier.
4.1

Experiment setting

AE-MLELM-SynMin is implemented by the Python programming language
and SMOTE, Borderline-SMOTE, Random-SMOTE and SMOTE-IPF algorithms are downloaded from the Python Package Index (PyPI) 1 , which is a
1

https://pypi.org/
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Table 1. Details of 10 binary classification data sets

Data set

Attribute Sample Majority class Minority class Imbalance ratio

ecoli1

7

336

259

77

3.36

ecoli2

7

336

284

52

5.46

yeast1

8

1484

1055

429

2.46

yeast5

8

1484

1440

44

32.73

glass0

9

214

144

70

2.06

glass4

9

214

201

13

15.47

vowel0

13

988

898

90

9.98

segment0

19

2308

1979

329

6.02

vehicle0

18

846

647

199

3.25

new-thyroid1

5

215

180

35

5.14

Table 2. Information amount comparison among original data, SMOTE data, and AE-MLELMSynMin data
Data set size

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Original data

1.765 1.772 1.756 1.762 1.760 1.762 1.764 1.764 1.767 1.760

SMOTE data

1.763 1.771 1.754 1.761 1.759 1.761 1.763 1.764 1.767 1.760

AE-MLELM-SynMin data 2.783 2.485 2.381 2.285 2.427 2.293 2.270 2.303 2.228 2.270

software library for the Python programming language. In the experiments,
the number of nearest neighbors are all set to 5 for these SMOTE algorithm
variants. The number of iterations and percentage of samples removed for
SMOTE-IPF are set at 3 and 1%, respectively.
For AE-MLELM-SynMin, we set (1) the crossover-mutation factor ξ = 2,
that is, the ratio of crossover and mutation in the synthesized samples is 2:1;
(2) The position intervals of crossover operation are [0.4L, 0.6L], [0.1L, 0.4L]
and [0.6L, 0.9L]; and (3) the number of positions to be changed in a mutation
operation is generated randomly on the interval [0.001L, 0.1L] and the interval
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of mutation point is [1, L], where L is the number of hidden-layer nodes of
AE-MLELM. We get the real data sets from KEEL-dataset repository [17]
including 10 binary classification data sets in Table 1.
For the Settings of hidden layers and node number of AE-MLELM, we set
the depth as 5 and node number of each layer as 1000. In this experiment, we
choose the decision tree algorithm as the classifier. The reason is that decision
tree algorithm generally works well on class-imbalanced data.
4.2

Information amount analysis of SMOTE and AE-MLELM-SynMin

In order to explain the effectiveness of AE-MLELM-SynMin method, we use
the resubstitution entropy to measure the information amount of dataset [18].
In the experiment, We randomly create 10 different original data sets with sizes
ranging from 1000 to 10000 in step of 1000 and synthesize the corresponding 10
SMOTE data sets and 10 AE-MLELM-SynMin data sets, respectively. Then,
we calculate the information amounts of the original data, SMOTE data and
AE-MLELM-SynMin data. We repeat the synthetic sample 10 times for each
original data set and calculate the average value of the information amounts.
For a given data set
A = {an | an = (an1 , an2 , · · · , anD ) , amd ∈ <,
,
n = 1, 2, · · · , N , d = 1, 2, · · · , D}

(11)

its entropy is calculated as
D

1 X
Info(A) =
Ent (Ad )
D d=1

(12)

where Ad is the d-th attribute of data set A. The re-substitution entropy of
data set {a1d , a2d , · · · , aN d } is calculated as
Ent (Ad ) = −

N
X

In [p̂−n (and )] ,

(13)

n=1

where
"

2 #
N
1 and − amd
1 X 1
√
exp −
p̂−n (and ) =
N − 1 m=1 2πh
2
h

(14)

m6=n

is the leave-one-out cross-validation kernel density estimator, h > 0 is the
bandwidth parameter. And we set h as 0.2 in this experiment.
Table 2 shows the information amount comparison results of original data,
SMOTE data and AE-MLELM-SynMin data. In table 2, we can draw the
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Table 3. Comparative results for binary classification problems based on decision tree classifier

AE-MLELM-SynMin(2021)

SMOTE(2002)

Algorithm
Data Set

ecoli1
ecoli2
yeast1

Auc

G-mean

F1

0.881±0.037

0.879±0.039

0.768±0.050

Accuracy

Auc

F1

Accuracy

0.883±0.044

0.773±0.058

0.880±0.033

0.880±0.047 0.875±0.052 0.780±0.067 0.928±0.023 :0.870±0.051 0.865±0.058

0.753±0.075

0.916±0.029

0.687±0.027

0.676±0.039

0.557±0.036

0.877±0.031 0.884±0.042

G-mean

0.708±0.052 0.698±0.020 0.694±0.021 0.571±0.026 0.728±0.022

yeast5

0.959±0.029 0.958±0.030 0.570±0.071

0.956±0.013 0.948±0.046

0.946±0.050

0.695±0.068

0.976±0.008

glass0

0.796±0.050 0.786±0.058 0.707±0.063 0.762±0.049 0.783±0.053

0.779±0.053

0.696±0.061

0.766±0.050

glass4

0.861±0.103 0.843±0.143 0.618±0.159

0.939±0.032 0.831±0.112

0.804±0.158

0.620±0.172

0.948±0.025

vowel0

0.966±0.017 0.966±0.017 0.837±0.048 0.965±0.013 0.947±0.025

0.946±0.026

0.813±0.051

0.960±0.013

0.987±0.009 0.987±0.009 0.970±0.013

0.991±0.004 0.986±0.008

0.986±0.008

0.969±0.012

0.991±0.003

0.806±0.047

0.889±0.036 0.921±0.023

0.921±0.023

0.850±0.032

0.923±0.017

0.966±0.033 0.966±0.035 0.914±0.060

0.969±0.023 0.946±0.047

0.944±0.050

0.908±0.068

0.969±0.024

segment0
vehicle0
new-thyroid1

0.915±0.030

0.913±0.031

Borderline-SMOTE(2005)

Random-SMOTE(2011)

Algorithm
Data Set
Auc
ecoli1

G-mean

F1

Accuracy

Auc

0.893±0.035 0.891±0.035 0.779±0.053 0.88±0.034 0.883±0.041

G-mean

F1

Accuracy

0.881±0.042

0.771±0.053

0.879±0.030

0.871±0.054

0.753±0.073

0.914±0.031

ecoli2

0.852±0.053

0.844±0.061

0.740±0.080

0.915±0.030 0.875±0.05

yeast1

0.697±0.022

0.692±0.025

0.571±0.027

0.723±0.036 0.698±0.020 0.693±0.021

0.571±0.026 0.726±0.021

yeast5

0.949±0.049

0.947±0.055

0.683±0.076

0.975±0.008 0.945±0.044

0.943±0.047

0.704±0.069 0.977±0.007

glass0

0.761±0.051

0.756±0.052

0.670±0.060

0.746±0.048 0.786±0.049

0.782±0.050

0.700±0.057

0.768±0.049

glass4

0.851±0.134

0.815±0.211 0.667±0.227 0.957±0.027 0.831±0.114

0.801±0.173

0.618±0.186

0.947±0.026

vowel0

0.948±0.029

0.948±0.030

0.813±0.055

0.96±0.014 0.941±0.030

0.940±0.031

0.801±0.052

0.958±0.013

segment0

0.956±0.019

0.955±0.020

0.929±0.027

0.980±0.008 0.986±0.007 0.986±0.007 0.969±0.012

0.991±0.004

vehicle0
new-thyroid1

0.924±0.022 0.924±0.023 0.857±0.031
0.952±0.052

0.950±0.057

0.921±0.072

0.927±0.017 0.921±0.022

0.92±0.023

0.859±0.03 0.93±0.015

0.974±0.023 0.950±0.045

0.948±0.049

0.921±0.061 0.974±0.020

SMOTE-IPF(2015)

/

Algorithm
Data Set
Auc

G-mean

ecoli1

0.886±0.040

0.884±0.041

ecoli2

0.865±0.050

yeast1

F1

Accuracy

/

/

/

/

0.778±0.058 0.884±0.033

/

/

/

/

0.860±0.055

0.746±0.077

0.913±0.031

/

/

/

/

0.698±0.021

0.693±0.023

0.571±0.027

0.727±0.023

/

/

/

/

yeast5

0.946±0.041

0.944±0.044

0.700±0.068 0.977±0.007

/

/

/

/

glass0

0.782±0.047

0.778±0.048

0.695±0.055

0.765±0.046

/

/

/

/

glass4

0.834±0.120

0.802±0.187

0.614±0.182

0.947±0.025

/

/

/

/

vowel0

0.946±0.027

0.946±0.029

0.813±0.050

0.960±0.013

/

/

/

/

segment0

0.986±0.008

0.986±0.008 0.970±0.012 0.991±0.004

/

/

/

/

vehicle0

0.919±0.023

0.918±0.024

0.856±0.029

/

/

/

/

new-thyroid1

0.952±0.046

0.950±0.049

0.921±0.063 0.974±0.020

/

/

/

/

0.928±0.015
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following conclusions. First, AE-MLELM-SynMin data has the highest information amount. Second, original data and SMOTE data have the same information amount, and AE-MLELM-SynMin data has 1.2 to 1.6 times more information amount than original data or SMOTE data. So the data synthesized
by AE-MLELM-SynMin has a large increase in the amount of information, and
finally can achieve a better effect on the general classifier.
4.3

Comparison among AE-MLELM-SynMin, SMOTE, Borderline-SMOTE,
Random-SMOTE, and SMOTE–IPF

In this experiment, we use the decision tree classifier downloaded from the
scikit-learn Python machine learning library 2 to classify the datasets created
by AE-MLELM-SynMin, SMOTE, Borderline-SMOTE, Random-SMOTE and
SMOTE-IPF, and compare their imbalanced classification performances. Table
1 shows the 10 binary data sets used in this experiment. The specific process of
this experiment is that we first randomly divide each original data set into 70%
training set and 30% testing set and then fill the minority samples created by
AE-MLELM-SynMin and SMOTE variants for the training set. Finally we use
the trained classifier to predict the testing set and evaluate the experimental
results with the four indicators of AUC [19], G-mean [20], F1 [21] and accuracy.
The above process is repeated 400 times and take the average of 400 AUCs,
G-means, F1s and accuracies as the final experimental result.
The classification results of the decision tree are shown in Table 3, which
lists the AUC, G-mean, F1 and accuracy of decision tree classifiers under AEMLELM-SynMin, SMOTE, Borderline-SMOTE, Random-SMOTE and SMOTEIPF methods. We can draw several conclusions from the comparison of bold
markers in Table 3. Firstly, AE-MLELM-SynMin method has the better AUCs
and G-means compared with other SMOTE-based methods on 7 data sets.
Secondly, the AE-MLELM-SynMin method achieves the better F1s on 3 data
sets. In general, the performance of AE-MLELM-SynMin method is better
than other SMOTE-based methods when dealing with the imbalanced classification problems.
5

Conclusion

The proposed AE-MLELM-SynMin method was constructed based on AEMLELM, which introduced the ideas of crossover and mutation in evolutionary algorithm. This method had the advantages of easy understanding and
simple implementation. The experimental results showed that, compared with
other SMOTE-based methods, the AE-MLELM-SynMin method can improve
2

https://scikit-learn.org/stable/modules/tree.html
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the information amount of synthesized samples and thus obtained the better
imbalanced classification performance than SMOTE-based methods.
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